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Health screening tools that are reliable and accurate have successfully reduced the burden

on expensive diagnostic testing along with providing the opportunity of quick, lower cost

treatments to a larger community. Designing these tools require interdisciplinary e↵orts,

and in this thesis, author explores development of screening tools for two di↵erent bacterial

diseases in collaboration with clinicians, researchers, and engineers. Oral Caries and Pul-

monary Tuberculosis (TB), bacterial diseases a↵ecting millions across the world, face unique

challenges in early disease screening. In the case of oral caries, quantitative screening tools

are very limited while in TB screening, the lack of low-cost screening device leaves millions

of TB cases undetected. This thesis presents novel sensing techniques based on measuring

critical biomarkers, identified with the help of clinicians, that can provide rapid, accurate,

quantitative, and non-invasive feedback. Particularly, to reduce gaps in dentistry, thesis fo-

cuses on developing tools to measure acidity of oral biofilm. This acidity plays a vital role in

the formation of oral caries, yet tools to measure it clinically are absent. O-pH, an optical pH

monitoring device is presented that measures the acidity of dental plaque using non-invasive,

opto-electronic sensors and provides quantitative feedback of oral health to dentists. The

results from in vitro validation and in vivo study with 30 subjects indicate that the device



is reliable and accurate. The spot based device is extended to mapping pH using images

and a proof-of-concept device built with multimodal-scanning fiber (mm-SFE) is presented.

This technology can enable trend based oral health monitoring using pH. In the next part

of the thesis, the similar design process is applied to develop a screening tool for TB that

focuses on cough as a biomarker. The production of cough in TB patients are primarily in

response to changes in lung tissues, which the thesis hypothesizes can result in di↵erences in

cough sounds compared to other respiratory health issues. To validate, the author presents,

TBscreen, a ResNet-18 model, based on scalogram images of passive coughs. TBscreen was

trained and validated using a controlled dataset of passive cough sounds of subjects with

TB and other respiratory health ailments. The analysis indicates the sounds from coughing

contain disease biomarkers that increases with bacterial load and has the potential to enable

large scale screening. Further, results indicate that passive or natural coughs di↵er from

forced coughs, coughs produced on an external prompt, making it di�cult to use forced

coughs as a proxy for passive coughs. Through development of these two new sensing tools

into human subject studies, the author argues that significant contributions have been made

to the engineering and medical communities at large.
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Chapter 1

INTRODUCTION

Screening tools are characterized as lower cost alternatives to expensive diagnostic de-

vices, for large-scale screening, at a lower implementation overhead. These tools generally

provide results with lower accuracy than gold standards (diagnostic tools) but should be

su�ciently reliable and accurate, since high proportions of false negatives or false positives

might represent worse health outcomes and unnecessary diagnostic costs [162, 116, 154].

Convenient accessibility to screening tools enable early disease detection, in return, promot-

ing quicker and at times cheaper medical interventions. Success of screening tools can be

especially seen in early detection of cancer - mammography for breast cancer screening, Hu-

man papillomavirus (HPV) tests and Pap tests for cervical cancer screening have successfully

reduced burden of late-stage cancer diagnosis in women [14, 13]. Until recently, screening

tools were assumed to be useful for low-resource settings, but the COVID-19 pandemic has

changed the narrative. Prior development of lateral assay based rapid diagnostic tests for

influenza and malaria [114, 113] enabled faster translation of at-home COVID-19 antigen

tests from research to commercial products. In turn reducing the burden of testing from

hospitals across the world.

Looking from a practical and economical point of view, it is crucial to identify diseases

that would greatly benefit from a screening tool, to ensure its successful adaptation and

prevent fatigue of health workers/patients from over-testing. Diseases that impact a large

population, health conditions where early interventions can be game changers in saving lives

or improving overall well-being are generally prioritized [94]. In this thesis, author presents,

design and development of screening tools for two bacterial diseases. The first tool, O-pH,

focuses on oral health which if left unchecked can lead to dental caries, the most prevalent
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health condition a↵ecting billions globally [66, 1]. Early screening tools in dentistry can not

only prevent loss of tooth but, at times, e↵ectively reverse the damage while significantly

reducing the high cost of dental care. The second tool presented, TBscreen, focuses on

screening of Pulmonary Tuberculosis (TB), the second leading infectious disease-related cause

of death after COVID-19.[24]. Low-cost, reliable, easy to use screening tools can assist in

reaching TB patients in remote locations bringing us closer to World Health Organization’s

(WHO) goal of eliminating TB.

Development of screening tools is supported by the recent advancement in digital health

technologies (DTH), a system that uses computing platforms, connectivity, software, and

sensors for healthcare and related uses [157, 50]. DTH has enabled digitization of several

‘subjective’ symptoms, for example, cough counts, step counts, amongst others, helping build

a new set of biomarkers - digital biomarkers. To develop screening tools, it is vital to look

for biomarkers that is critical in disease progression or transmission and can be measured

conveniently. At its core, this is interdisciplinary research requiring teams of clinicians, re-

searchers, engineers to work in tandem to develop the research question and its solution.

Fig.1.1 represents the overall process used in designing the two screening tools presented.

Present gaps in disease screening were identified along with the critical biomarker whose

measurement can help reduce the gaps. This led to the formation of the research question

with contributions towards disease screening and engineering. To validate the research ques-

tion, sensing system was designed and evaluated. Interdisciplinary research enabled us to

receive feedback from clinicians and health researchers, helping us to adjust the tool and

understand its clinical limitations for further research. In this thesis, screening tools are

designed for two bacterial diseases using the described process (Fig.1.1). The requirements

of the screening tools are vastly di↵erent, giving the opportunity to explore two di↵erent

health fields by translating engineering skill set.
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Figure 1.1: Design process for development of screening tools in the thesis

1.1 Thesis Statement

In this thesis, author is looking at reducing gaps in the field of oral health and Tuberculosis

screening, by proposing novel sensing techniques to measure critical biomarkers (bio-chemical

and physiological disease manifestations). The goal is to provide rapid, quantitative, and

accurate feedback to clinicians. Throughout this dissertation, author provides evidence to

support the following thesis statement:

Developing novel disease screening tools by measuring bio-chemical and phys-

iological biomarkers

The research contributions are divided into two categories based on the two diseases :

Oral health screening and Tuberculosis screening, and Fig. 1.1 summarizes the overall de-

velopment process. These two main categories are then further divided into specific research

contributions as summarized below:

1. Oral Health Screening: Design of a pH based screening tool to assist in early screen-

ing for dental caries by measuring plaque pH, biochemical activity of oral bacteria.
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(a) O-pH, an optical pH sensing system, based on fluorescence properties of FDA

approved chemical dye, Sodium Fluorescein, is prototyped and validated to mea-

sures pH in the range of 4-7.5. In vitro analysis shows a mean error of 0.22 pH

and standard deviation of 0.16 pH.

(b) In a clinical study with thirty participants, O-pH, indicated that acidity levels

significantly di↵er between adolescent subjects with di↵erent cleaning history. In

the Pre-Cleaning group, which consisted of a typical patient at a dentist’s clinic

for a routine re-care visit with no recent professional cleaning, pH measurements

for unhealthy surfaces (having lesions, caries) were expectantly lower than the

healthy surfaces, though results were not significant.

(c) Based on clinicians’ feedback, spot based O-pH system was extended to pH imag-

ing using multimodal-Scanning Fiber endoscope (mm-SFE). The case study show-

cased its capability in reproducing Stephan curve and a proof of concept design

of image based pH sensing of oral plaque.

2. Pulmonary Tuberculosis Screening: Design of a passive cough-based tool for

TB screening in a population of patients experiencing natural coughs due to TB

(physiological biomarker) or non-TB related respiratory ailments.

(a) A unique dataset is collected in Nairobi, Kenya having high TB incidents, consist-

ing of passive (43,200; n= 149) and forced coughs (1,619, n=42) in a controlled

setting using three di↵erent recording instruments.

(b) In Nairobi dataset, TB subjects did not have significantly higher cough counts

than non-TB subjects, passive cough spectral features distinguished these two

groups with a five-fold cross validation sensitivity of 0.70 (+0.11 standard devi-

ation across folds) and specificity of 0.71+0.10. In comparison to boundary and

condenser microphones, the model trained on smartphones performed best with

ROC-AUC (receiver operating characteristic – area under the curve) score of 0.85
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(95% C.I. 0.84-0.85, p<0.001) and had better performance in subjects with higher

bacterial load 0.87 (95% C.I. 0.87-0.88, p<0.001) or lung cavities 0.89 (95% C.I.

0.88-0.89, p<0.001). Overall, our data suggests that passive cough features dis-

tinguish TB from non-TB subjects and are associated with bacterial burden and

disease severity.

(c) Findings indicate that passive cough based tools are not translatable to forced

coughs as the model trained on passive coughs performed poorly on evaluating

with forced coughs (sensitivity: 0.34+0.13). Distribution of scalogram features of

passive coughs were also found to be di↵erent from forced coughs.

1.2 Thesis Document Outline

This document is divided into eleven chapters with chapter 1 introducing the problem state-

ment and thesis contribution. Chapter 2 details prior research in screening of both diseases

as well background work of various technical tools used in the thesis. Chapter 3 to 6 focuses

research contributions related to oral screening (1(a), (b), (c)) where the process of Fig. 1.1

is utilized. Chapter 3 explores oral pH as a critical biomarker and critically analyzes prior

attempts to measure it. Chapter 4 and 5 represent design and validation of tool and chap-

ter 6 discusses the improvements based on clinicians’ feedback. Next, chapters 7-10 focuses

on research contributions, 2(a), (b), (c), related to TB screening. Chapter 7 explains how

cough can be a critical biomarker and discusses prior research and its limitations. Chapter

8-9 details how the dataset is collected and analyzed to evaluate utility of passive cough.

Chapter 9 incorporates clinician feedback in evaluating the utility of the model and presents

results that are important in development of such a tool in the field. The final chapter 11

summarizes the results obtained using the screening tool as well as implications of using

them in the field.
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Figure 1.2: Scope of thesis

1.3 Dissertation Scope

Research during author’s PhD has focused on designing health sensors, applied ML, and

power harvesting applications and their intersections. The dissertation represents subset of

the work - designing disease screening tools as seen in Fig. 1.2.
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Chapter 2

RELATED WORK

2.1 Dental Caries and Present Screening Tools

Chronic caries in teeth, commonly known as tooth decay, is the most prevalent health con-

dition a↵ecting 2.3-3.5 billion people globally [66], [1]. Untreated caries can cause excruci-

ating pain and lead to permanent tooth loss along with adding substantially to a family’s

medical expenditure [1]. Presently, visualization and tactile inspection is a standard proce-

dure to evaluate dental surfaces. These techniques are the only gold standard for detecting

early caries at occlusal (biting) and smooth surfaces (Fig.2.1(a)), while bitewing X-rays

(Fig.2.1(b)) are the diagnostic tools used for caries at interproximal (in between teeth) re-

gions. Lesion activity is determined by surface roughness and appearance whereas lesion

depth is confirmed using X-rays.

Presently, dentistry is heavily focused on treatment based solutions rather than disease

prevention. Probing tools and bite-wing x-rays are the most common procedures used in

clinic to evaluate enamel health and look for carious lesion. Though, these techniques can

detect or rank early-stage lesions at interproximal regions, they are often too late in detecting

diseases in occlusal surfaces, and completely fail to provide any quantitative feedback for

enamel hygiene. Recently, fluorescence based devices have been developed to aid in detection

of early stage caries [121, 35]. DIAGNOdent, is a laser fluorescence (LF) device, which emits

infrared laser light (655 nm), and scales the emitted fluorescence from enamel between 0 and

99 with values higher than 25 indicates caries lesion [102]. It’s based on two principles, first,

when the infrared light encounters a change in tooth tissue, such as porosity, it results in

fluorescent light of a di↵erent wavelength. Second, bacterial metabolites such as porphyrines

(proto-porphyrine, meso-porphyrine, or proporphyrin), result in the red fluorescence from
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Figure 2.1: (a) Visual assessment using dental tools - gold standard for early occlusal caries.
Inset figure shows di↵erent kinds of probing instruments used by dentists (b) Bitewing X-ray
with an interproximal lesion between teeth 3 and 4 - gold standard for early interproximal
caries [151] (c) Patient’s mouth after using a biofilm disclosing agent to see dental biofilm
coverage (d) Biofilm micro-environment: pH level is lower moving from surface to enamel
[16]. Extracellular Polymeric Substance (EPS) composition and characteristic is shown in
the inset figure. (e) Caries formation (f) O-pH in operation at a dental clinic with an inset
figure showing a closer look of the device inside the mouth. The tip of the probe used
to transmit and collect light is hovering over the occlusal surface of the subject. Detailed
description of the device is provided in Fig. 4.1 and methods and materials section.
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caries lesion [89]. Fluorescence cameras like VistaProof Durr Dental and Spectra Caries

Detection Aid are based on similar principle but uses UV instead of IR [35, 12]. Another

LED device, MID (Midwest Caries I.D., Dentsply Professional, York, PA, USAOCT), has

been developed using red and IR light to analyze the reflectance and refraction of the light

from the tooth surface [5]. All the above techniques have been tested in several clinical

studies and have been found mostly insu�cient in stand-alone detection of early primary or

secondary caries [102, 12, 35]. Most of these devices depend on fluorescence properties of

specific family of bacteria found around active lesions and is not specific to bacterial activity.

2.2 Oral Plaque Based Disease Screening

Porphyrin based fluorescence used in devices like SOPROcare and has been developed further

into low-cost mobile based devices. Angelino et al. [8] designed Plaquefinder, a low-cost,

open source 405 nm device, and the associated computer vision algorithm that captured

red fluorescence signatures associated with dental plaque and demonstrated comparable per-

formance to commercially available devices. A miniaturized mobile adaptable version of

the device was also provided to use the phone’s camera to image plaque with additional

blue LEDs. In LumiO, Yoshitani et. al [168] added red fluorescence technique to an electric

toothbrush custom fitted with a camera to assist in brushing by increased visibility of plaque.

They found qualitative evidence that study participants were able to improve awareness of

plaque and build confidence on their tooth brushing. These devices though can enable home

based plaque index monitoring and aid in practicing oral hygiene but are unable to track

acidification of plaque making it less e↵ective in preventing caries formation.

2.3 Sodium Fluorescein

Fluorescein (FL) is an attractive fluorescent dye that o↵ers high quantum e�ciency, and it

is often selected for intensity-based pH sensing. In addition, FL resides predominantly in the

extracellular space (exclusion dye) since it does not penetrate the negatively charged bacterial

cell wall. An excitation wavelength near the peak absorption band (⇠ 490 nm) is usually



10

employed and the emission intensity near 520 nm is recorded. Fluorescein emission intensity

decreases in a near linear fashion as the pH is reduced. Unfortunately, fluorescence intensity

depends upon several factors including the stability of the excitation light source(s), light

scattering, dye photobleaching, dye quenching, etc. In a ratiometric pH sensor Rhodamine

B, which is relatively insensitive to pH, was used in conjunction with fluorescein to partially

compensate for these confounding factors [46, 21]. Encapsulation of the fluorescein and

rhodamine dyes [42, 81] in a polymer or glass-like matrix helps prevent leaching of the dye

materials into the environment. However, rhodamine is regarded as a health risk [65] and

is not approved for in vivo human applications where direct contact with human tissue

and tooth surfaces is required. A variant of the pH dependent FL intensity methodology

appeared in a study of yeast cells [146]. Two spectrofluorometer wavelengths, 490 and 435

nm, were used for fluorescein excitation and the emission intensity at 520 nm was recorded

for each excitation wavelength. A ratio of the 520 nm emission intensity at the two excitation

wavelengths exhibited a linear log relation to pH over the range of 2.5 to 7. This intensity-

based method relies upon the stability of the two excitation wavelengths which may be

achieved in a laboratory spectrofluorometer but is di�cult to replicate in clinical devices.

There are FL lifetime dependent pH measurement techniques, but the change is in few

nanoseconds in the desired pH range making it expensive and not designed for routine clinical

use [132].

Overlooked in adapting FL fluorescence to pH sensing is the change in the relative pro-

portion of its dianion and anion pH sensitive molecular variants [145, 72]. As the acidity level

increases the predominant fluorescent species shifts from dianion to anion. These two species

have overlapping absorption and emission spectral characteristics. Unmixing [75, 103] of the

overlapping spectral emission data using least-square fitting of the endmember dianion and

anion fluorescent species is performed to determine the pH. By a judicious choice of excita-

tion wavelength, it is possible to balance the stronger dianion absorption/emission with the

weaker anion absorption/emission to optimize the performance of the unmixing algorithm

[139]. Other unwanted noise contributions, like background light and autofluorescence in the
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range of 450-650 nm are removed before calculating the biofilm pH.

2.4 Tuberculosis and Present Screening Tools

Tuberculosis (TB), caused by inhalation of Mycobacterium tuberculosis (Mtb), is the second

leading infectious disease-related cause of death after COVID-19 [24]. After years of decline,

the estimated incidence of TB and TB-related deaths increased in 2021, numbering 10.6

million and 1.6 million people, respectively. The current gold standards for TB diagnosis

include sputum culture or GeneXpert molecular tests [70, 49]. The availability of these tests

is limited in low resource settings, particularly at peripheral health centers. Given its ease

of implementation, the WHO recommends symptom screening (assessing for the presence

of fever, cough, night sweats, or weight loss), to identify people suspected of having TB.

Unfortunately, the accuracy of symptom screening is suboptimal in both people with and

without HIV [108, 33]. The WHO target product profile (TPP) for TB triage tests includes

a test which is non-sputum based, rapid, low-cost, easy to use with minimal infrastructure

requirements, and accurate (>90% sensitive, >70% specific) [106, 69]. Currently available

TB screening tests do not meet these criteria [98, 147, 161].

TB disproportionately impacts low resource countries with 87% of new TB cases occurring

in the 30 high TB burden countries. Two thirds of these cases were identified in Bangladesh,

China, the Democratic Republic of the Congo, India, Indonesia, Nigeria, Pakistan, and the

Philippines [24]. TB diagnosis using sputum culture has 100% sensitivity and specificity but

takes over three weeks for processing in specialized laboratories, limiting its usage to national

facilities [4]. Rapid Polymerase Chain Reaction (PCR) techniques have revolutionized TB

detection with results within two hours but the high setup cost and recurrent need for

cartridges limits its penetration to peripheral clinics [83]. Various TB diagnostic tools and

its challenges in wide spread implementation is summarized in Table 2.1.

Most TB suspects in endemic countries present to peripheral healthcare facilities that

may have no electricity, no running water, and limited or no laboratory facilities. This has

led to a large number of cases being unidentified in rural areas fueling ongoing transmission in
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Table 2.1: Various diagnostic tests for Tuberculosis

Test Sensitivity Specificity Setup cost Time to result Detection limit Availability Expert Training References

Sputum Culture 100% 100% High 3 weeks Low sputum producing pa-

tients

Limited to national labs in

low resource setting

Yes [4]

GeneXpert

MTB/RIF

82-88% 96-98% High <2 hrs. Variable sensitivity in

HIV/Immunocompromised

patients (73–87%)

Limited to secondary clinics Yes [83]

Low sensitivity in smear-

negative patients (64–75%)

Smear microscopy 60-69% 97-98% Low 1 day Low sensitivity in low bacte-

rial load

Limited to secondary clin-

icst

Yes [31]

Poor performance in pedi-

atric and PLHIV

Chest X-ray 73–79% 60–63% High 1-2 days Poor performance in PLHIV Limited to secondary clinics Yes [118]

the community. WHO estimates that nearly three million people develop active tuberculosis

(TB), but are not notified to health authorities [136, 107, 104]. Reaching this ’missing three

million’ remains one of the top priorities to control TB. WHO end TB epidemic methodology

lists the need for a low-cost point of care tool that require minimum infrastructure and

expertise to expedite screening beyond the urban centers. Sputum smear microscopy, the

global cornerstone of TB diagnosis, can miss half of all people with infectious TB [31, 29],

whereas more sensitive tests cannot routinely be implemented at the point of treatment [111].

Present screening tools are primarily based on subjective evaluation of symptoms and has

low sensitivity [104]. New techniques, for example, AI based Chest X-ray, C-reactive protein

(Table 2.2) are under development but none of these techniques have met the target portfolio

set by WHO to enable widespread convenient screening.

2.5 Audio Based TB Screening

TB primarily a↵ects lungs, termed as Pulmonary Tuberculosis, and manifests predominantly

as cough. Since a long time, initial symptom screening of TB includes subjective evaluation

of prolonged coughs but have low sensitivity. Recently, researchers have focused on digital

evaluation of cough frequency and features for TB screening [15, 155], discussed further in

Chapter 7. Apart from cough analysis, manually listening of lung sounds for crackles or
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Table 2.2: Tuberculosis screening tools

Test Above Target

cost

Availability

at lower clinic

Limitations References

Symptom screening No Yes Subjective [108]

Automated Cough

screening

No Yes Early stage [171]

Automated Chest X-

ray

No No Early stage [123, 167]

C-reactive protein Yes Yes Require additional

training

[167]

Seriological Tests No Yes Inconsistent results [148, 105]

Urine RDTs No Yes Low sensitivity for

non-HIV infected

population

[96, 47]
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wheezes (lung auscultation) is also used by clinicians to screen for lung damage due to TB.

But lung auscultation is often ruled out as a reliable diagnostic technique for TB due to the

random distribution of the infection and the varying severity of lung damage [87]. A 1981

study digitally compared respiratory sounds from normal subjects and TB patients and found

a distinct di↵erence in wave shapes between sound signals recorded from normal and diseased

subjects [92]. Another recent study captured respiratory inhaling and exhaling movements

using seven electronic stethoscopes attached using a chest strap. Features were generated

in time, frequency domain for adventitious wheezes and crackle analysis and indicated a

degree of separation between recordings from healthy lungs and recordings from TB-infected

lungs[11].

2.6 Audio Features

Audio signals are captured using microphones and digitized using analog to digital converters.

The sampling rate of the ADC conversion determines the maximum frequency content of the

audio captured. Using Nyquist equation, an audio sampled at 16KHz contains at maximum

8KHz of frequency content [77]. Along with sampling rate, frequency range of the microphone

determines the frequency that can be digitally recorded. Most commercial microphones found

in smartphones, recording studio, conference microphone can capture up to 20 KHz of sound

frequency[19].

2.6.1 Time Domain

Audio signals are 1-dimensional signals and combinations of various sinusoids as represented

in Fig. 2.2(a). Mathematically, sound wave of frequency f can be represented as 2.1. Sam-

pling the signal in digital domain gives us a digital signal x (Eq. 2.2) of length N (Eq. 2.3).

Several waveform features like, zero crossing rate, amplitude envelope, root mean square

energy of audio are extracted for sound analysis.

x(t) = Asin(2⇡ft+ �) (2.1)
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Figure 2.2: (a) Audio signal in time domain (b) Spectrogram (c) Log Melspectrogram (d)
Frequency domain (e) Log Spectrogram (f) MFCC (g) Scalogram
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x = {x(n)}, 0 < n < N (2.2)

N = sampling time ⇤ sampling rate (2.3)

2.6.2 Frequency domain

Time domain audio signal can be represented in frequency domain using Fourier transform

[17]. Fig 2.2(d) represents the frequency spectrum of Fig.2.2(a), x-axis consists of various

frequency present in the signal and y-axis represents the amplitude associated with each

frequency. Frequency spectrum, a 1-D representation, is used commonly to separate sound

sources of di↵erent frequencies in an audio. Mathematically Fourier transform of time varying

signal x(t) is represented by equation 2.4, whereas in digital domain, Fourier transform of

digital signal x, is computed using Digital Fourier Transform (DFT, Equation 2.5) [28]. This

representation provides frequency content of the overall signal but not how the frequency

changes over time.

X(f) = F (x(t)) =
Z 1

�1
x(t)e�2⇡ift

dt (2.4)

X(k) =
N�1X

n=0

x(n)e�2⇡ik n
N , k = 0..N � 1, N = length(x) (2.5)

2.6.3 Spectrogram

Spectrograms are 2-D image representations of audio signal and captures frequency-time

relationship of the audio [172]. In a spectrogram representation plot, one axis represents the

time, the second axis represents frequencies, and the colors represent magnitude (amplitude)

of the observed frequency at a particular time. Fig. 2.3(b) represents the spectrogram of the

audio signal.

It’s calculated using Short Time Fourier Transform (STFT), where DFT is applied to

short fragments of time, that is, frames taken from a longer signal. For the image represen-

tation, individual frames are stacked horizontally, so that time can be read left-to-right, and

frequency can be read bottom-to-top. Typically, spectrograms, are magnitude spectrograms,
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where the phase component has been discarded and only the DFT magnitudes are retained.

There are three main parameters that are tuned for producing [6]:

• Frame Length (NF ): The length of each frame that the longer signal is divided into. NF

introduces a time-frequency trade-o↵ as longer frame length provides high frequency

resolution at the cost of lower time resolution and vice versa for shorter frame length.

For e�cient computation, N is generally selected as an integral power of 2.

• Hop Length (HF ): The length of audio signal that is skipped between each frame to

compute DFT. Small values of the HF produces redundant outputs (high dimensional

image) whereas larger values provide coarser time resolution (lower dimension image).

Frequency resolution is independent of HF .

• Windowing Function: For the looped frame to appear continuous, each frame is sample-

wise multiplied by a windowing function that tapers to 0 at the beginning and end.

Commonly used windowing functions for are Hann, rectangular among others.

Spectrograms are generally further transformed for audio analysis as list below [101, 38]:

• Log spectrogram: Amplitude spectrum is converted to log scale using Eq. 2.6. As

we see in Fig. X, log spectrogram provides more information than spectrogram in Fig

2.2(e).

SdB = 20log10S (2.6)

• Melspectrogram: The mel scale is a non-linear transformation of frequency scale based

on the perception of pitches. The mel scale is calculated so that two pairs of frequencies

separated by a delta in the mel scale are perceived by humans as being equidistant

(Eq.2.7 ). Mel spectrogram when converted to dB scale is known as log melspectrogram

and is represented in Fig. 2.2(c).

M(f) = 1125ln(1 +
1

700
) (2.7)
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Figure 2.3: (a) Scalogram formation using daughter wavelets (b) Complex Morlet Mother
wavelet (c) Mexican hat mother wavelet (d) Complex Gaussian wavelet (e) Time-frequency
resolution in a spectrogram (f) Time-frequency resolution in scalogram

• Mel-Frequency Cepstral Coe�cients (MFCCs): The MFCCs are calculated by applying

the discrete cosine transform (DCT) to a log melspectrogram (Fig. 2.2(f)).

2.6.4 Scalogram

Scalograms are alternate approach to spectrograms for generating frequency-time relation-

ship of a signal using continuous wavelet transform (CWT) [141, 84]. Similar to the STFT,

the CWT uses an analysis window called mother wavelet to extract signal segments. Mathe-

matically, CWT is expressed by Eq. 2.8. Scalogram is generated (Fig.2.3(a) by a time plot of

the correlation between the signal and the scaled wavelets. Scale and frequency are inversely

related. Unlike the STFT, the analysis window or wavelet is not only translated (moved

across x-axis) but dilated and contracted (window size varied over y-axis) depending on the

scale of activity selected. Wavelet dilation increases the CWT’s sensitivity to long time-scale

events, and wavelet contraction increases its sensitivity to short time-scale events providing
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a better time-frequency resolution than STFTs. Fig. 2.3(e-f) represents the di↵erence in

time and frequency resolution of the two representations.

C(a, ⌧) =
Z 1p

a
 
t� ⌧

a
x(t)dt (2.8)

 (t) = wavelet, ⌧ = time shift, a = dialation

Wavelets are signals that oscillate around zero and behave like bandpass filters, Fig.

2.3(b, c, d) represents common mother wavelets which on dilation and contraction produce

various daughter wavelets for computing CWTs. Mother wavelets are selected based on the

resemblance to the shape of the signal to be analyzed.

CWT requires significant computation time but also produces highly redundant data.

Reducing number of scales makes the processing faster while not significantly a↵ecting the

information, and often scales are selected using, 2N⇤Scale, to put the frequency band for higher

frequencies further away than for smaller frequencies [45, 153]. All selected scales are within

the Nyquist limit of the sampled signal.

To generate scalograms, we translate the wavelet in time resulting in wavelets to see data

outside the observation interval near the boundary. This results in boundary e↵ects termed

as cone of influences giving erroneous data at the beginning and end. This error depends on

the scale of the wavelet and size of the wavelet is connected to its scale, hence for di↵erent

scales the cone of influence has di↵erent sizes. In case of complex Morlet wavelet, edge e↵ects

are seen at
p
2 ⇤ scales and are discarded as shown in Fig Fig. 2.2(g) [153].
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Chapter 3

ORAL pH: CRITICAL BIOMARKER FOR ORAL HEALTH

Present dental tools and procedures provide patients with lagging, non-quantitative feed-

back assisting inadequately in prevention of new caries or in evaluating site-specific risk of

caries development. Despite of oral care playing a significant part of a healthy daily rou-

tine, from brushing twice a day, frequent flossing, avoiding foods with excessive sugar, and

minimizing snacks in-between meals, in addition to bi-annual dental visits, patients are still

unable to evaluate e↵ectiveness of their daily oral-care. Dentists, on the other hand, can’t

objectively confirm if the patients, especially adolescents, are e↵ectively performing their

daily care routine unless a suspicious spot is clinically evident. There is a need to interject

this present cycle of waiting-and-watching for a lesion to appear, to evaluate oral well-being

using tools that can provide leading indicators for oral health. A leading indicator, a termi-

nology commonly used in occupational health systems [7], provides pro-active, predictive risk

assessment unlike lagging tools that assess information after an event has already occurred,

particularly in our case, after a carious lesion has formed. Similar to a visit to a general

physician where measurements like heart rate, blood pressure, and blood work provide a

baseline quantitative information, dentistry could benefit with quantitative measurements of

the risk factors that are directly correlated with caries formation and can be safely monitored

over time to understand the status of oral health. The current adjunct diagnostic tools are

focused on measuring the presence of the disease, rather than assessing the risk of developing

active caries.

One of the techniques to obtain quantitative measurement of caries risk is by devel-

oping tools to monitor oral enamel biofilm - the sticky, yellowish coating found on teeth

surfaces which plays a crucial role in early caries. Presently, dental biofilm (also referred
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to as plaque) is evaluated using visual quantitative measurement techniques like Quigley

Hein plaque index [156] that measures and ranks dental biofilm coverage with help of prob-

ing tools but is unable to objectively evaluate cariogenesis of biofilm. Similarly, disclosing

dyes (as shown in Fig.2.1(c)) assist in visual inspection of dental biofilm, though staining of

teeth makes the use uncommon. There are fluorescent based devices like SOPROcare and

Q-Ray that capture fluorescence by exciting porphyrin found in oral biofilm [127, 120] with

blue light. These devices increase dental biofilm visibility and also indicate dental biofilm

maturity which is proportional to the intensity of porphyrin’s red fluorescence. Though

these fluorescent devices provide leading indicators, they focus on very specific porphyrin

producing bacterial groups (Streptococcus mutans, etc.) [57, 121], ignoring the impact of

vast number of (over 700) microbes found across di↵erent oral cavities [71, 164] and are

confounded by food stains, lowering specificity as a stand-alone leading indicator of caries.

Several low-cost, at-home, dental biofilm monitoring devices have been proposed, for exam-

ple, Angelino et al. [8] designed Plaquefinder, a low-cost, open source 405 nm LED (Light

Emitting Diode) based device, and the associated computer vision algorithm that captured

red fluorescence signatures associated with dental biofilm and demonstrated comparable per-

formance to commercially available devices. Similarly, with LumiO, Yoshitani et. al [168]

added red fluorescence technique to an electric toothbrush custom fitted with a camera to

assist in brushing by increasing visibility of dental biofilm. They found qualitative evidence

that study participants were able to improve awareness of dental biofilm and build confi-

dence on their toothbrushing. These devices can enable home based dental biofilm index

monitoring and aid in practicing oral hygiene but are unable to track acidification of dental

biofilm making it less e↵ective in preventing caries formation.

3.1 Formation of Dental Caries

Our mouth with its optimum temperature (35-37°C), neutral pH, and frequent access to

nutrients is a breeding ground for several hundred species of micro-organisms, found around

tooth surfaces and gum lines [93]. On consumption of carbohydrates, bacteria in the dental
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biofilm produce acid which is slowly neutralized by the action of saliva. This compensating

mechanism can be disturbed with frequent consumption of sugar rich food, lack of proper

dental hygiene, disruption in flow of saliva, and other lifestyle habits, increasing the acid

production, its frequency, and duration of acid exposure to enamel. This leads to a change

in micro-environment favoring growth of harmful bacteria that can survive in low-pH and

anaerobic conditions as shown in Fig.2.1(d). If left unmonitored without intervention, ex-

tended exposure to acid can degrade the tooth enamel of minerals to become a demineralized

lesion and ultimately cause carious cavitation as depicted in Fig.2.1(e).

Thus, routine monitoring of the acid producing function of the biofilm which plays an

early critical role in the degradation of enamel can help us understand pH changes as a

leading site-specific risk indicator to caries formation.

3.2 Oral Biofilm Acidity

In 1938, Dr. R.M. Stephan, pioneered the research of measuring oral plaque acidity by

examining sampled plaque mixed with pH indicator dyes in vitro; and later he measured

enamel plaque pH in situ using a custom antimony based pH micro-electrode [149, 90]. In the

1944 study [91], Stephan found that the plaque pH decreased from a baseline measurement

(resting pH) after a glucose rinse, and takes up to 40 min to return to its resting value from

the bu↵ering action of saliva. This change in pH over time after a sugar rinse (from resting to

rapid drop with sugar metabolism, to a slow rise from consumption of sugar and dilution from

saliva), is now called the Stephan Curve’ as shown in Fig.3.1(a). Since then, several studies

have examined Stephan curve and found di↵erent sections of the curve, resting pH [41, 76],

minimum pH after the sugar rinse [130, 86], time taken to return to resting pH [37], related to

caries activity. Though studies have noted that Stephan curve measured on individual tooth

surfaces is noisier than the averaged curve reported by Stephan [41, 86]. Di↵erence in study

variables like concentration and type of carbohydrate, duration of carbohydrate rinse, site of

measurement, pH of rinse, initial pH of enamel plaque, number of days from the cessation of

tooth-brushing, have made it di�cult to compare pH quantitatively across di↵erent studies.
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Nonetheless, the overall average Stephan Curve trend is exhibited consistently across studies.

In a 2000 study, Lingstorm et al. [86] studied pH in low and high caries risk group, with

first group subjects who are caries free and latter having subjects with both sound teeth and

white spot lesions. They found statistical di↵erence for minimum pH (from sugar rinse drop)

for sound teeth in low caries risk subjects vs. white spot sites in higher-caries risk subjects

as well as for sound and white spot lesions in the latter. Though, the resting pH was similar

regardless of subject or tooth caries status. This appears to be the only work that studies

variability of pH from specific tooth surfaces from within a mouth. Like previous studies

[91, 37] the measurements were averaged for teeth surfaces, though sound and non-sound

data was analyzed separately.

In a follow-up study [122], on a hundred adolescence subjects in Sweden, Quiroz et.

al validated prior results and showed that oral plaque pH can be used as a method for

discriminating between individuals with varying caries risk. Similar study by the team [125]

was repeated on the Karen tribe in Thailand known to have low caries risk, showing the dental

plaque in both Karen children and adults responded to a sucrose rinse but to a smaller extent

than seen in Caucasians. On average, the Karen tribe reported a higher resting pH than the

parallel study in Sweden indicating that resting pH could be associated with caries risk.

Along with acidity of oral biofilm, pH of saliva (the bu↵ering agent responsible to main-

tain neutral pH) plays an important role in evaluating overall oral health. Prior studies have

shown that alkalotic salivary pH is associated with generalized chronic gingivitis whereas

acidic pH is associated with generalized chronic periodontitis [112, 73, 9]. Monitoring of sali-

vary pH has potential to indicate generalized oral health though enamel localized information

is limited.

3.3 Plaque pH Measurement Techniques

In vivo oral plaque pH measurements are mainly performed with pH micro-electrodes. Over

the years, di↵erent kinds of pH electrodes were used to measure plaque pH in vivo with

Beetrode iridium–iridium oxide micro-electrode being the most common. To measure pH,
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Figure 3.1: (a) The Stephan curve, pH response of oral film immediately after a sugar rinse
and monitored upto 1 hr. in three subject groups with di↵erent caries risk (Group 1: caries
free, 2: slight caries activity, 3: extreme caries activity.) Several studies have shown that drop
in pH after sucrose rinse is dependent on caries activity in the region [91]. The graph includes
three of the 5 categories of subjects represented in 1944’s Stephan Curve. (b) Fluorescence
spectrum of aqueous solution of sodium fluorescein in di↵erent pH solutions obtained using
420 nm LED excitation and captured with a spectrometer. O-pH uses peak at 520 and 550
nm to measure pH.

a salt bridge is created with a reference electrode and subject’s fingers placed in 3 M KCL

solution [119]. Modern electrodes are only 0.1 mm in diameter making them suitable for

many interproximal plaque pH measurements, though their fine structure and need for a

reference makes them prone to fragility, breakage, and inconvenience. Another critical issue

encountered is the measurement of pH at the plaque-saliva interface [119]. Lingstrom et al.,

1993 measured pH oral biofilm grown on indwelling electrodes as surrogate enamel substrates

which demonstrate values >1 pH unit lower compared to more common micro-electrodes that

measure at the saliva interface. With our device, the pH-sensitive fluorescein dye rapidly

di↵uses extracellularly throughout the biofilm which enables a pH measurement that is more

representative of bacterial activity at the plaque-enamel interface. Indwelling electrodes
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are mounted on removable partial dentures and used for transmitting pH of interdental

plaque but su↵ers from measuring pH of biofilm that has grown on glass electrode instead

of enamel [119]. Techniques like plaque sampling, where plaque is removed from di↵erent

teeth surfaces (⇠20) has been used in several studies to measure pH in vitro. This method

though capable of providing an average pH of biofilm loses teeth location accuracy while

also causing biofilm disturbance. Recent work has also used pH strips to measure pH at

interproximal sites and found high correlation with reference electrode pH measurement

[23, 27]. But, pH strips are di�cult to insert at interproximal spots without wedging and

unable to measure in deeply pitted occlusal surfaces. Confocal laser scanning microscopy

(CLSM) has been used to measure the pH depth profiles of dental bacteria biofilms [165, 133].

Fluorescent dyes were embedded into the biofilm matrix and image processing algorithms

are applied to separate the bacterial biomass and extracellular regions. Separating the two

regions is important since only the organic acids residing in the extracellular regions lead

to enamel demineralization. The confocal studies reveal the spatially heterogeneous nature

of the biofilm matrix where the lowest pH values are found in the deep anaerobic regions

attached to the host surface. Biofilm heterogeneity is often attributed to the di↵usion limited

transport of nutrients through the extracellular exopolysaccharide (EPS) matrix surrounding

the mixed species bacterial microcolonies. CLSM investigations provide a valuable insight

into the 3-D structure of plaque-like biofilms but adapting this technology to the dental clinic

is currently not feasible. Endogenous oral bacteria porphyrin fluorophores have been used

to measure pH levels in suspensions of oral bacteria [60, 59]. Porphyrins have an intense

absorption peak near 405 nm and emit a red fluorescence that is associated with plaque

deposits. As the pH environment of the porphyrin was decreased the peak fluorescence

wavelength (635 nm) broadened and a new feature appears as a blue-shifted shoulder at 622

nm [60]. It is likely that the new feature is associated with porphyrin aggregation [134].

Relative intensity of the two spectral features was shown to be a linear function of pH

[60]. However, production of porphyrin fluorophores depends on the thickness and age [159]

and bacterial species in the plaque [160, 82] and the porphyrin species are not photostable
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[61]. We also found that porphyrin emission was either absent or weak in human plaque

scrapings. Fluorescent nanoparticles and quantum dots have been extensively explored for

pH sensing [58, 20, 39]. They o↵er a wide range of fluorescent wavelengths which depend upon

the materials and geometry of the core-shell particles. Low temperature sol-gel fabrication

permits the inclusion of organic fluorophores which can a↵ord chemical sensing of the local

environment for nanobiotechnology (lab-on-a particle) applications. Di↵usion into dense

biofilms will be slow unless the particle size is less than 10 nm [117]. However, these

materials are costly to produce and are not approved for human studies. A water-soluble

polymer material with a ratiometric fluorescent pH sensing dye tethered to the polymer

backbone was demonstrated using bacterial cells [170]. The intended application of the

polymer bound fluorescent dye material is in a cell plate reader rather than an in situ oral

biofilm pH sensor.

All of these pH measurement techniques are challenging to be used in a clinical environ-

ment for a routine checkup on all enamel surfaces.
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Chapter 4

O-pH: OPTICAL pH SENSING FOR ENAMEL HEALTH
MONITORING

This chapter focuses on designing a spot based oral pH monitoring tool, O-pH which can

be conveniently used in clinical setting with relatively low cost and high e�ciency after a

one-time calibration [140, 135].

4.1 System Design

4.1.1 Sodium Fluorescein Properties

Sodium Fluorescein (Fl), is a dye commonly used as diagnostic tool in ophthalmology and

approved by FDA for human use. In the aqueous solution it has a peak absorption band

at ⇠490 nm and fluoresces with a wide spectra from 500 to 650 nm with a distinct peak

at 520 nm. This emission intensity is directly proportional to the extracellular biofilm pH.

Additionally, Fl has been shown to rapidly penetrate dental biofilm extracellular matrix

making it an ideal candidate for pH measurement of dental biofilm [138], [126], [22].

Sjoback et al. [145] have shown that in aqueous solution, Fl exhibits an equilibrium

mixture of four di↵erent species: cation, neutral, anion, and dianion. Out of the four, only

the dianion and anion species are fluorescent, having di↵erent absorption and emission peak,

and pH dependent concentration in the solution. For example, at pH 4 and lower, a Fl

solution consists of predominantly anions, and at a pH 9, the solution mainly has dianions

resulting in di↵erent spectral properties in the 450-650 nm range [139]. Solutions between pH

4-7.5 contain both dianion and anion species resulting in a fluorescent spectral profile that

is a mixture of individual emission profiles [Fig.3.1(b)] distinctly observed by selecting an

excitation wavelength that can excite both species (⇠420 nm). As previously demonstrated,
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Figure 4.1: Device Architecture: (a) Excitation Unit (b) Photodetector Unit [FL: Fluores-
cein, AF: Auto Fluorescence, PpIX: Porphyrin] with schematic for photodiode channel (c)
3-D printed box with optical fibers attached (d) Fiber optics probe and its end view.

Fl emission spectra captured using spectrometer can be unmixed with least mean square to

predict pH [139]. Our prototype, O-pH, uses distinct fluorescence properties of Fl dianions

and anions species, but instead of using the entire spectra, it utilizes only the two peaks at

520 and 550 nm to calculate pH in the range of 4-7.5 [Fig.3.1(b)].

4.1.2 Device Architecture

The device architecture consists of three components: (a) excitation unit (b) detection unit

(c) mouth probe.

The excitation unit is used to excite the Fl solution and comprises a LED driver (Thorlabs,
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LEDD1B) pulsing a blue LED (ThorLabs, M420F1) at 500 Hz with 5W. The pulsing LED

light is filtered using a fluorescence, band pass filter (Semrock, FF01-425/26-25) centered

at 425 nm to limit the bandwidth of the excitation wavelength (Fig. 4.1 (a)) and block

out-of-band emissions [67].

The emitted fluorescence on absorption of LED light is measured using the detector

unit which consists of four independent, optically filtered, photodiode channels Fig. 4.1(b).

Di↵erent channels of the detector unit are used to capture Fl fluorescence and low signal

emissions. Channels 1 and 2 of the photodiode board is used to detect Fl anion and dianion

fluorescence intensity. Channel 1 uses a band-pass filter (BP) centered at ⇠520 nm(Semrock,

FF01-524/24-25) to measure emitted photons from dianions and Channel 2 uses a BP filter

centered at ⇠550 nm(Semrock,FF01-549/12-25) to measure emission from anions. Chan-

nels 3 and 4 are used to detect low level fluorescence in the mouth that can be excited by

the 420 nm LED light, namely auto-fluorescence (AF) and porphyrin’s (PpiX) fluorescence.

These channels use a filter centered at 475 nm (Semrock,FF02-475/20-25) and another cen-

tered at 632 nm (Semrock,FF02-632/22-25) for AF and PpiX respectively. Each photodiode

circuit, shown in Fig. 4.1(b), consists of a Silicon photodiode (BPW34BS) where the in-

coming photon is collected, generating current which is then converted to voltage using a

transimpedance amplifier (TI, OPA380) with a gain of 10M V/A. The output voltage of the

transimpedance amplifier is amplified using a non-inverting amplifier (TSV911A) with a gain

of 11 V/V. The final output voltage is sampled using National Instrument’s data acquisition

unit (NI,DAQ600) at 10KHz frequency.

The above two units are housed inside a 3D printed box, shown in the Fig. 4.1(c)

with jacketed optical fibers coming out of the box. The fiber optics bundle consists of

central 1000µm fiber (ESKA, Mitsubishi) that carries the excitation light from the LED,

and surrounded by sixteen returning 200µm fibers carrying the emitted fluorescent light

to photodiodes. Each photodiode channel inside the box is coupled to four optical fibers

to receive emitted photons. The length of all fibers is one meter to provide flexibility for

the operator to probe far back in the mouth with the device. These fibers terminate in a
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hand-held dental probe; such that the tip of the probe has the excitation fiber in the center

surrounded by returning sixteen fibers in a circular ring. Fig.4.1(d) shows the image of the

probe’s tip and it’s end view. A rubber barrier is used at the tip of the probe to avoid

physically touching the fibers tip to subject’s teeth and is changed for every subject.

4.1.3 Algorithm

The sampled voltages from the DAQ is transformed to frequency domain using Fast Fourier

Transform. The amplitude of signal corresponding to 500 Hz is recorded for each photodiode

channel. This is the frequency of the pulsing blue LED and selecting the voltage amplitude

corresponding to this frequency helps in discriminating against background light. Extracted

fluorescence reading from channel 1 and channel 2 is then used to calculate pH. Channel 3

recording is utilized to measure the AF noise which acts as a threshold to accept or reject

estimated pH. This threshold is estimated during the calibration process. Channel 4 data is

used to measure PpiX fluorescence as another indicator of dental health.

4.2 Device Calibration

O-pH requires a one-time calibration for pH measurement. We describe the calibration

process and device accuracy in subsequent sections.

Chemical Preparation:

1 Molar stock solution of sodium fluorescein (Sigma Aldrich and ScienceLab) was prepared

in deionized water. The fluorescein solution was diluted in phosphate citrate bu↵er (0.2M

dibasic sodium phosphate, 0.1M citric acid, pH indicated for each experiment), 0.1 M sodium

bicarbonate bu↵er, or chemically defined medium (CDM) bu↵er to form solutions in the range

of 4 to 7.5 pH [139]. These solutions of 200µM concentration were used for calibration of

pH device with a conventional pH meter (ThermoFisher Scientific).
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Figure 4.2: (a) Calibration curve using bu↵er solution in a 1mm cuvette. Ratio is given
by equation 1. (b) Verification of calibration curve using 200uM bu↵ered fluorescein in
1mm cuvette, on extracted human teeth, and on artificial curved teeth surfaces (occlusal,
interproximal, and buccal surfaces of artificial teeth). A drop of fluorescein is added on
di↵erent teeth surfaces and pH is measured using O-pH.

Fluorescence Measurement:

Using a 1 mm glass cuvette, we measured fluorescence of 10µL of four di↵erent 200µM Fl

bu↵ers ranging from pH 4 to pH 7.5. Each measurement was repeated ten times to obtain

the calibration curve as shown in Fig. 4.2(a). A linear relationship was obtained between

pH and ratio defined in Equation 1 with a correlation coe�cient of 0.97.

ratio =
Ch1� Ch2

Ch1 + Ch2
(4.1)

pH = 10.34 ⇤ Ch1� Ch2

Ch1 + Ch2
+ 3.42 (4.2)
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Table 4.1: O-pH Accuracy

pH Range Mean Error Std Deviation

4-4.5 0.57 0.09

4.5-5.5 0.27 0.15

5.5-6.5 0.18 0.09

6.5-7.5 0.13 0.08

Overall(4-7.5) 0.22 0.16

4.3 In Vitro Verification

We verified the calibration curve by measuring di↵erent Fl bu↵ers in the same pH range

using the 1mm cuvette used in calibration. Since the calibration curve was obtained using a

flat surface but in vivo testing would be performed on irregular surfaces, so the device was

verified on artificial teeth surfaces (Perio 525 Typodont, frasaco GmbH). We dispensed Fl

on occlusal, interproximal, and buccal surfaces to measure pH values. Next, we tested Fl on

extracted human teeth to see the e↵ect of low signal levels of AF.

We found the pH measurement was robust to AF if the AF signal is below a threshold.

This threshold was noted and used in clinical testing to discard measurements. All the

predicted pH values are plotted in Fig.4.2(b), obtaining an overall correlation coe�cient of

0.92. The device had an overall error of 0.22 pH with 0.16 standard deviation. O-pH device

accuracy in various pH ranges are listed in Table 4.1. We found that fluorescence readings

of channel 1 and channel 2 made inaccurate predictions if the fluorescence was too low, but

this signal could be amplified by increasing the excitation power. Distance of the probe from

measuring surface doesn’t a↵ect the accuracy if the fluorescence signal strength is above this

threshold. With our maximum current and voltage setting, we found that at a separation

distance up to 3mm, the device probe provided accurate results. To note, we bounded our

measurements between 4 and 7.5 pH, discarding any values outside this range as inaccurate.
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4.4 Limitation

The accuracy of O-pH was verified with in vitro studies using bu↵ered fluorescein solutions

and pH meter. In vitro study to understand sugar response using lab grown biofilm was

not performed. Alternatively, resting pH could be verified in vitro by collecting biofilm from

the subject’s mouth and measuring pH after dilution with water. But this method was not

adopted as it would have caused disruption of dental-biofilm and also reduced the number

of spots to measure drop pH in the mouth.
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Chapter 5

O-pH: CLINICAL STUDY

O-pH was tested in a clinical setting to evaluate its reliability and utility as a chair side

screening device [140].

5.1 Study Design

The clinical study, the first optical based pH measurement of dental biofilm, was designed

with pediatric patients to monitor dental biofilm pH before and after a sugar rinse for both

healthy and unhealthy teeth surfaces.

5.1.1 Recruitment

Pediatric patients categorized as high caries risk after clinical exam at University of Wash-

ington’s Center of Pediatric Dentistry (CPD) were recruited along with a control group

comprised of low caries risk patients. The inclusion criteria for the high caries risk group

include at least one active lesion (cavitated or non-cavitated) either at interproximal region

between maxillary posterior teeth, or at occlusal surface of mandibular posterior teeth. The

inclusion criteria for the low risk control group included absence of active caries lesion or

any existing restorations.

We excluded subjects undergoing active orthodontic treatment at study selected sites,

having asthma, eczema, or any known allergy to yellow dyes. The high risk group is further

divided into “Post-Cleaning group” and “Pre-Cleaning group” based on their recent history

of professional dental cleaning. A total of 30 subjects were recruited, the “Post-Cleaning

group” (n = 18) has subjects with professional dental cleaning within last three months,

the “Pre-Cleaning group” (n = 7) has subjects without professional dental cleaning for
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over 3 months, and lastly, a control group with subjects in low-caries risk category and a

professional dental cleaning within three weeks (n = 5), see Table 5.1. Subjects were given

a remuneration gift card for participating in the study and the study was approved under

our institution’s IRB (IRB ID: STUDY00007002).

5.1.2 Protocol

The study protocol used ICDAS II ranking scheme to rank maxillary interproximal and

mandibular occlusal surfaces [34], performed by a dentist at CPD using bitewing radiographs

and clinical exam charting at a routine patient visit. Ranking was performed three weeks

before the O-pH appointment for the Post-Clean group and within a week after the O-pH

appointment for Pre-Clean group. Additionally, all teeth surfaces with no caries activity

were ranked as 0 and with any carious lesion as 1, giving us a binary distinction between

teeth surfaces. For every subject, we had a high number of 0 ranked tooth surfaces and only

a few ranked 1. There was a minimum interval of three weeks between cleaning and pH

measurements using O-pH for the Post-Clean group to allow the dental biofilm to mature.

At O-pH testing in the University’s dental clinic, third- and second-year dental students

(n=5) performed the pH measurements under the supervision of a dental faculty. The dental

students were aware of the inclusion/exclusion criteria but blinded to group designation and

surface rankings. Before the measurement, subjects were asked to rinse their oral cavity

with water. Subjects were asked to produce 10 mL of saliva in a measuring cup and it’s pH

was measured using a conventional pH meter, followed by a baseline measurement of test

surfaces (maxillary interproximal and mandibular teeth occlusal surfaces) to detect teeth

AF. Next, we measured, the “rest pH” after applying Fl on the same set of teeth surfaces

using a blunt hyperdermic needle one tooth at a time. Subjects then retained 10 ml of 0.3

M sucrose solution in their oral cavity for fifteen seconds. They were instructed to either

swallow or spit out the sucrose solution. One minute after the sugar rinse, we measured the

“drop pH” by re-applying Fl. Di↵erence between rest pH and drop pH was calculated and

called “di↵ pH”. Application of fluorescein and pH measurement at each spot took a few
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Table 5.1: Subject Statistics

Subjects Post-Cleaning Pre-Cleaning Control

Total 18 7 5

Age 16.5 15 15

Mean Cleaning Interval 31 days 114 days 14 days

seconds. At maximum, it took an additional two minutes between the measurement of first

and last tooth. Each set of pH measurements (rest, drop pH) were taken with mouth open,

but patients were allowed to close their mouth or speak in between measurements if it was

too uncomfortable. Each measurement with O-pH at a tooth surface was repeated thrice

and average of the three was used for analysis. Subjects were not provided with any prior

instructions on skipping meals or to avoid brushing. Since, saliva pH is generally neutral

across subjects, we used it as a stable baseline to normalize pH values across subjects. For

analysis, we normalized rest and drop pH w.r.t to saliva pH and compared across di↵erent

surfaces. This is an additional metric that we looked at as it takes in account impact of

saliva on caries formation.

5.1.3 Statistical Analysis

To measure variability in device measurement, we collected three readings per spot for rest

and drop pH. Each triplet’s mean and standard deviation were used to calculate the pool

standard deviation of the device. This gives the average spread of all data points about

their group (triplet) mean. For clinical data analysis, groups with normal distributions but

unequal amount of data (pH measurements of Post vs Pre-Cleaning group) were compared

using Welch’s t-test [169] and permutation test [99] at 0.05 significance level. In case of groups

without a normal distribution (pH of Pre/Post Cleaning group having surfaces with rank

1), only permutation test was used for significance analysis. Shapiro-Wilk’s normality test
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was used to test normal distribution of data distribution of data [137]. Di↵erent Groups and

the statistical tests used are elaborated in the Results section. All analyses were performed

using SciPy 1.7 package in Python 3.

5.2 Results

5.2.1 Device Verification

In the clinic, we relied on the device accuracy from in vitro testing and verified whether the

device can take repeatable measurements. In total we measured rest pH at 85 surfaces and

drop pH values at 95 surfaces, giving us a total of 180 readings. Since, each reading was

measured thrice, we had a total of 540 readings. For a few measurements (<1%), we had

lesser than three readings, as data points had to be discarded because of low quality or out

of range pH prediction. To verify repeatability, we calculated mean and standard deviation

of each rest/drop measurement triplet and then calculated pooled standard deviation. We

obtained 0.23 pH of pooled standard deviation with our data, i.e., the actual readings were

within 0.23 pH from the measured mean value of a triplet. Lack of clinically approved oral

pH measurement devices hindered us from verifying the accuracy of the device in vivo.

5.2.2 Clinical Findings

Assuming Pre-Clean group has higher dental biofilm level, we analyzed Pre-Clean and Post-

Clean group to understand di↵erences in pH measurements. The control group comprising

caries free subjects was tested within three weeks of professional dental cleaning and lacked

significant biofilm growth resulting in reduced Fl absorbance and low fluorescence emission

for pH detection. The result helped us modify the clinical protocol to maintain at least a

three week interval between professional cleaning and testing.

We hypothesize that lower rest and drop pH, and higher di↵ pH, are associated with

higher level of “unhealthy” dental biofilm contributing to elevated caries risk in a certain

subject. To test this hypothesis, we compared the resting, drop and di↵erence of pH obtained
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between the two recruited groups. We found Pre-Cleaning group had a lower resting and

drop pH than the Post-Cleaning group. Similarly, the di↵erence in pH was higher in Pre-

cleaning group than the Post-Clean indicating higher bacterial acidification. Fig. 5.1(a),

(c), (e) shows the distribution of rest pH, drop pH, and di↵ pH obtained in the two groups.

Since, we had unequal number of data in each group, we used Welch’s t-test and permutation

test to measure if the pH di↵erences between the two groups were significant. We found that

drop pH was significantly lower (alpha < 0.05) in Pre-Cleaning compared to Post-Cleaning

with p = 0.0008 using both tests, di↵ pH was significant only using permutation test (p =

0.014). The rest pH was lower for Pre-Clean group but we didn’t find significant di↵erence.

We also compared pH between groups with the same ranking, i.e., surfaces with rank 0 in

Pre-/Post-Cleaning were compared and did not find any significant di↵erence. For subjects

with rank 1, rest pH and drop pH had a significant di↵erence with p = 0.004 and 0.003

respectively using permutation test (data did not have a normal distribution). Fig. 5.2(a),

(b), (c), shows distribution for both ranks along with number of teeth surfaces measured.

Figure 5.1: Box plots of Post and Pre Cleaning group for (a) Rest pH (b) Saliva normalized
Rest pH (c) Drop pH (d) Saliva normalized Drop pH (e) Di↵erence pH (f) Saliva normalized
Di↵erence pH with p* indicating significance with p<0.05

Next, comparing saliva pH between the two groups, it was observed that Pre-Clean had

a lower pH than the Post-Clean group though average di↵erence was not significant. On

normalizing pH measurements with subject’s saliva pH (measured before the sugar rinse),



39

Figure 5.2: Box plot of pH measurements for di↵erent ranks per group using (a) Rest pH
(b) Drop pH (c) Di↵erence pH, with p* indicating significance with p<0.05 and n = number
of teeth surfaces measured

significant di↵erence was obtained for rest pH (Welch’s t-test, p = 0.003) and di↵ pH (Per-

mutation t-test, p = 0.014), see Fig.5.1(b), (d), (f). Since, the data is normalized using

saliva pH, it is di�cult to predict the direction of the di↵erence unlike pH measurements in

Fig.5.1(a), (c), (e) where a low ”rest” or ”drop” pH means higher acidity. For rank based

normalized pH analysis for each group, we did not find any significant di↵erence.

We also examined all the subjects irrespective of the cleaning group to see di↵erence

between caries and non-caries surfaces. We found average rest, drop, and di↵ pH for non-

caries surfaces are: 6.73, 6.3, and 0.55 whereas for caries surfaces are : 6.81, 6.36, 0.56

respectively.

5.3 Summary of Learning & Limitations

In terms of measuring capability, the device performed best in the Pre-Cleaning group in

comparison to other groups as we measured 40 surfaces amongst 8 subjects whereas only 45

surfaces across 18 subjects in the Post-Cleaning group. Higher Fl fluorescence signal in Pre-

Cleaning group along with lower AF signal assisted in obtaining repeatable measurements.

We measured at least 4-5 surfaces per subject but many readings in Post-Cleaning group
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were discarded because of high AF, indicating fluorescence by enamel or underlying tissues.

Presence of higher AF in Post-Cleaning group vs Pre-Cleaning group could be indicative

of thinner dental biofilm coverage resulting in capture of higher fluorescence from enamel.

Across both groups, we noticed that surfaces to which fluorescein application was convenient,

for example, upper-distal-interproximal, and lower-occlusal surfaces, had a higher signal to

noise ratio. Drop pH values were more repeatable than rest pH value and perhaps the

combination of sugar and fluorescein made the dye adhere to the biofilm more. Biofilm

index (Quigley Hein plaque index) of teeth surfaces weren’t measured but we observed that

areas with low growth of biofilm had higher auto fluorescence signal. The device algorithm

was found to be robust to clinical light settings. The linear fit for calibration does cause

lower accuracy in lower pH range (pH 4-4.5, Table 4.1) but avoids overfitting of curve. To

make device robust to noisy fluorescence, we decided to use AF as a threshold to discard

pH measurements, but future versions can be built to adjust the calibration curve based on

captured AF signal.

Mean rest/drop pH values of healthy/unhealthy surfaces were comparable on combining

both the Post and Pre-cleaning group data. In the Pre-Cleaning group, which consists of a

typical patient at a dentist’s clinic for a routine recare visit, resting pH and drop pH (pH after

the sugar rinse) for unhealthy surfaces (rank 1) are lower than the healthy surfaces (rank 0),

though larger studies are needed to show significance. Population based standard levels of

rest and drop pH could be established using clinical studies to help dentists/patients evaluate

oral health quantitatively. The pH trend was opposite in Post-Cleaning group. Though this

seems contrary to popular cariology concepts, prior studies have shown a wide range of vari-

ation in pH profile for unhealthy and sound enamel. P. Lingström et.al [86] measured similar

rest pH and drop pH at sound and white spot regions. In another study of sound and cari-

ous (past the early caries stage) root surfaces in the same subjects yielded indistinguishable

biofilm pH profiles [2]. A number of reasons could have caused the confounding results in

our case, for example, it’s possible that the Post-Cleaning group perhaps isn’t representative

of ‘true enamel environment’ as it consists of young dental biofilm, resulting in a pH pro-
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file di↵erent from Pre-Cleaning group. Additionally, subjects in Post-Cleaning group were

informed three weeks prior to the O-pH appointment about presence of unhealthy/carious

surfaces. This could have prompted some of the subjects to improve their oral hygiene pre-

venting build-up of harmful biofilm. The amount of dental biofilm in the Pre-Cleaning group

is generally higher than the Post-cleaning group but it is not the amount but the composition

of biofilm that plays critical role in caries formation. Unfortunately, the study didn’t include

microbial analysis of biofilm and we need further studies to confirm whether both young and

mature biofilm at unhealthy surface has di↵erent bacterial profile or not. If the profile is

indeed di↵erent, it will further strengthen the need of a pH monitoring device in clinic as it

can measure ‘present’ biofilm activity and aid as a tool to assess oral hygiene.

The significant di↵erence of drop and di↵ pH in Pre- vs Post- Cleaning group (Fig. 5.1

(c), (e)) indicates that O-pH could be used in the dental clinic as a hygiene tool to measure

the growth of acid producing dental biofilm. It can also be useful as an educative tool to

help patients, younger patients in particular, understand the immediate harmful impact of

sugar rich diets on mouth’s micro-environments and assert importance of professional dental

cleaning. In comparison to Stephan’s 1944 study [91], we obtained a smaller average di↵

pH (0.84 and 0.48 for Pre- and Post- respectively, Fig. 5.2(c)), lower than 1 pH unit for

caries surfaces. The di↵ pH was similar to di↵erence reported in Lingström’s 2000 study [86]

between sound and white spot lesions. One of the reasons could be the averaging technique,

Stephan’s study had categories with di↵erent caries activity and reading was averaged across

all surfaces (sound and unhealthy surfaces) per category but the Lingström study looked at

di↵erence between sound and white spot surfaces and averaged only for similar surfaces,

similar to analysis represented in Fig.5.2. We haven’t used any subject based averaging as

that reduces teeth/surface specificity. Though our study analyzed both carious and caries-

free surfaces from same subjects, it lacks evaluation using contralateral surfaces in the oral

cavity. Additionally, to have su�cient enrollment we did not advise subjects to skip oral

routines (brushing, flossing, etc.) or increase intake of sugar. Recruiting subjects who have

abstained from brushing for couple of days and sub-dividing them into groups of low and
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high sugar consumption would have helped in better understanding impact of sugar as well

as oral hygiene on pH.

O-pH requires moderate biofilm build up to measure pH with high signal to noise ratio

as indicated from the lack of sensitive measurement in the control group. This is a device

limitation that it needs medium/high biofilm deposit to measure pH and can be improved

using higher excitation power and Fl concentration. Interestingly, prior studies [55, 23, 27]

have had subjects skip brushing for 1-3 days to obtain Stephan curve with biofilm mass

above 0.5-0.75 mg per site to have reproducible results [86]. This indicates that higher level

of biofilm build up is needed to di↵erentiate between healthy/unhealthy surfaces using acidity

monitoring.

Further, as saliva pH also plays a role in caries formation [36], another metric, normalized

pH measurements (biofilm pH/saliva pH), was used to understand if the trend is di↵erent

for (healthy/unhealthy) surfaces and found results similar to non-normalized data. Though,

saliva pH is an important factor to consider, normalized pH takes away the intuitiveness of

biofilm pH as an acidity indicator.

Lack of micro-electrodes approved for intra-oral use in United States limited our study

from verifying O-pH’s accuracy in vivo. Micro-electrodes measure pH at the saliva/biofilm

interface and isn’t an ideal ground truth for O-pH that measures pH of extracellular oral

biofilm. Microelectrodes, as previously mentioned is a contact based approach and could have

caused disturbance in the biofilm impacting readings with O-pH. Therefore, our approach

for verifying the O-pH performance in vivo was based on comparison to prior studies that

used pH measurement systems in research settings, as well as demonstrating acceptable

repeatability of multiple measurements from the device.

Although O-pH has the potential to be non-contact and thus nondestructive to the dental

biofilm, this current spot-based pH sensing has clear drawbacks, especially in reliably testing

the same spot before and after a sugar rinse. The lack of replicability in probe placement

directly impacts the accuracy of pH drop measurements and has been identified as a source

of variability in previous microelectrode measurements [41]. Imaging plays an important role
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in mapping as dental biofilm pH is highly variable spatially and is a critical enhancement for

measuring pH di↵erence.
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Chapter 6

O-pH IMAGING: EXTENDING BEYOND SPOT pH
MEASUREMENTS

With the present spot based system it is di�cult to perform trend analysis over short

times for the Stephan Curve within a single visit, let alone months-long gaps in time across

multiple visits. These challenges can be overcome by using an imaging system, image co-

registration, and an improved clinical protocol. A non-contact optical imaging method

would be ideal, but pH indicator dyes typically require full spectral analysis or multiple

bio-compatible dyes which limit clinical translation. Currently, pH imaging of solid tumors

are performed using pH sensitive positron emission tomography (PET) radiotracers [158],

Magnetic Resonance (MR) spectroscopy [44], Magnetic Resonance Imaging (MRI) [43], and

optical imaging using fluorescence [52] . These techniques are very expensive to be used for

oral health screening of all patients at dental clinics.

6.1 Device Design and Calibration

As a proof of concept, we modified the multi-modal Scanning Fiber Endoscope (mm-SFE)

to use the two wavelength technique employed by O-pH for optical pH image-based map-

ping. The mmSFE scans the distal end of a single 80 micron diameter optical fiber in a

spiral pattern at 10-12 KHz using a custom tubular piezoelectric actuator and a custom lens

assembly [80]. The vibrating singlemode fiber emits 424 nm light (Nichia laser diode with

Thor Labs Fiberport and clean up Semrock Brightline bandpass filter at 420+/-5nm) that

is nearly collimated for a forward view from the mmSFE tip. By collecting backscattered re-

flectance (B-channel) and emitted fluorescence channels (G channel centered at 520 nm and

R channel centered at 549 nm) in a ring of multimode plastic optical fibers, three spectral
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Figure 6.1: Case study with mm-SFE based pH sensing. The subject had not received
professional cleaning for over seven months and had skipped brushing for 5 days prior to
the examination. (a) Interproximal dental biofilm image with pH heatmap (b) pH heatmap
after a sugar rinse (c) Di↵erence between resting and drop pH (d) Protocol used for testing
with mm-SFE. Fluorescein is rinsed instead of applied on each tooth surface using a blunt
hyperdermic needle unlike the previous clinical study (e) mm-SFE pH probe (f) Stephan
curve with red line indicating the average pH obtained using images at each stage. Group 1
to 3 are same as Fig.3.1(a).
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bands of RGB are created after filtering and photomultiplier detection [63]. Similar to O-pH,

we verified the imaging based device in vitro and built a calibration curve using the ratio,

(G-R)/(G+R) w.r.t to pH. The relationship for each pH value was obtained by averaging 10

video frames acquired over 10 seconds [63].

6.2 Case Study

A low-caries risk subject without a professional cleaning in last seven months was examined

using the O-pH-scope after skipping brushing for 5 days. We used the modified protocol

from the clinical study to enable faster measurement. Instead of applying Fl with syringe

one tooth at a time, subject rinsed mouth with Fl before resting and drop pH measurement

(Fig. 6.1). This study was approved under our institution’s IRB (IRB ID: STUDY00002579).

The reflectance image of teeth overlaid with pH information enables tracking of regions

before and after the sugar region. As shown in the images, rest pH around 6.4-7 was obtained,

with 5-5.5 drop pH, and di↵ pH around 1.5 pH, similar to group 2 of Stephan’s study (Fig.

6.1 (f)).

6.3 Discussion

The mmSFE system uses highly sensitive photomultiplier optical detection which may pro-

vide sensitive pH sensing with thinner and less mature biofilms. But, the imaging system

poses its own image processing challenges because enamel surfaces lack features, making it

di�cult to align and stitch images. Additionally, air bubbles in mmSFE images hindered

accurate pH measurements in the pilot study. However, this challenge may be overcomed in

the dental clinic by using compressed air to remove air bubbles. In addition, optical imaging

system equipped in some dental o�ces can create full 3-D images of teeth thus reducing

challenges in registering images taken over time. Upcoming hyperspectral cameras can be

utilized instead of mm-SFE to map and measure oral pH [163].

The clinical protocol suggested can be further improved and validated in larger studies.

For example, the level of 10% sucrose solution used for the O-pH and mmSFE case study
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could be raised to 20% sucrose concentration which shown by Lingström’s et al.[86] results

in higher di↵ pH. In another example, several studies [85, 86, 41] have shown that at times it

may take up to 5 mins to reach the lowest pH after a sugar rinse. So, monitoring the drop pH

every minute for 5 minutes can perhaps give a better pH di↵erentiation between caries and

sound enamel surfaces. We avoided measuring the entire Stephan curve because it would be

di�cult to implement a testing protocol that lasts 60-90 minutes in routine clinical practice.
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Chapter 7

COUGH: CRITICAL BIOMARKER FOR PULMONARY
TUBERCULOSIS

Inhalation of Mtb along with incapability of immune system in preventing the growth

of bacteria leads to development of active TB. Over 85%, Mtb infection originate in lungs

and are known as pulmonary tuberculosis. Mtb attacks lung tissues prompting immune

response and results in formation of granuloma (Fig. 7.1). If left unchecked, tissue damage

continuous, resulting in bigger granulomas, causing discomfort and inflammation. These

structure changes causes subjects to produce cough and can progress to release sputum and

blood along with cough. Presently, wide number of screening/diagnostic tools are based on

analysis of cough sputum [111].

7.1 Tuberculosis and Cough

TB coughs are produced by physical damage to the lung tissue and is an early stage symptom.

Historically, presence/absence of cough is used for initial TB screening but has low sensitivity

[108]. Several studies have shown the importance of automatic cough counts to improve the

present accuracy of self-reported coughs. Since the physical structure of the tissues changes

due to infection, we hypothesize that it is not just the cough count but also the sound itself

that di↵ers in comparison to other respiratory health issues [171]. For example, coughing

in asthma is caused due to allergen irritation in the air passage whereas in pneumonia air

sacs are inflamed with fluid aggravating cough reflex. Since the sources of cough production

changes based on disease, the frequency content of source could also vary for these coughs.

In 1998, the National Institutes of Health Biomarkers Definitions Working Group defined

a biomarker as “a characteristic that is objectively measured and evaluated as an indicator
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Figure 7.1: Progression of unchecked Pulmonary Tuberculosis

of normal biological processes, pathogenic processes, or pharmacologic responses to a thera-

peutic intervention”[48]. With advances in audio processing, digital cough features has the

potential to be objectively measured and is indicative of pathogenic processes showing the

potential to be digital biomarker for pulmonary TB screening.

7.2 Digital Cough based Disease Screening

The mechanism of cough production varies according to mucus properties, respiratory mus-

cle strength, mechanosensitivity, and chemosensitivity of airways and other factors resulting

in diverse cough sounds [26]. Some of the coughs sound “dry” or “wet” and their di↵erence

is discernable by human ears while other sound frequencies present in the cough are outside

the frequency range of human ear. Cough’s frequency and time domain features [88] have

been studied as a bio-marker for several pulmonary diseases, like asthma [74], pneumonia

[3], and TB[155]. The recent COVID-19 pandemic has pivoted the focus of machine learn-

ing community on cough analysis and several publications have explored machine learning

(ML) algorithms to di↵erentiate between COVID-19 coughs from coughs of healthy subjects.
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These studies have used classical ML modeling tools like logistical regression, support vec-

tor machine [110] to modern deep learning tools like convolutional neural networks[51] and

transformers [166] to achieve sensitivity between 0.65 to 0.98 and specificity between 0.69 to

0.97 [51, 110, 64, 166] in classifying COVID-19 vs non-COVID-19 coughs.

7.3 Digital Cough Analysis for TB Screening

Particularly, in the field of tuberculosis cough sensing, the 2018 study by Botha et. al

[15] with a total of 38 subjects (746 coughs) showed a sensitivity of 62% and specificity of

95% in classifying between TB and healthy coughs by training a logistical regression model

on the voluntary cough dataset. In their 2021 publication, they extended their previous

work by including unhealthy non-TB subjects (35) (coughing due to other underlying health

condition) along with TB subjects (n =16) giving them a total of 1358 voluntary coughs.

They achieved a sensitivity of 81% and specificity to 90% showing that there is potential in

using quality of coughs in TB cough screening [109]. The authors mention that the dataset

is collected at a location in a medical facility that has high environmental noise to replicate

real-life cough based screening scenario. Cough classifiers need to be robust to environmental

noise to be applicable in field, but unfortunately noisy dataset makes it di�cult to ascertain

whether the classifier model is learning the di↵erences in the background noise or is it actually

training on the features of disease of interest for classification.

In spite of a number of publications with good performance metrics for cough based

disease classification, cough feature based disease screening models have not been repro-

ducible/translatable and the reason why the model is learning to di↵erentiate between coughs

is still evasive [131, 152]. A number of issues as highlighted by researchers [51, 171], for exam-

ple, (a) dataset imbalance in terms of gender, age, subjects between the coughs from control

and disease group (b) di↵erence in demographics/ environment of control and disease group,

(c) variation in recording devices, (d) to inconsistencies in training methods which can lead

to overestimated metrics, are applicable to TB cough classifiers as well. Additionally, there

is a debate whether voluntary coughs which have been used to train the cough classifiers in
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most publications are a correct representation of natural (passive) coughs since the mech-

anism of cough sound generation is di↵erent in two scenarios [18, 54]. Therefore, analysis

using voluntary coughs adds another layer of confusion of whether or not the AI models

are learning true characteristics of a disease cough. Unlike using artificial intelligence (AI)

to interpret chest radiographs (x-rays) where the ML models are trying to replicate visual

human findings, in a cough based AI models we still haven’t located the discriminatory fea-

tures between diseases (TB vs non-TB in our case). This makes it extremely important to

focus not only the performance metric but also critically analyze the features/biases that

can impact the model.

To overcome these challenges, it’s critical to model data that has minimum background

noise and environmental variability between control group (non-TB) and disease group (TB)

to be certain that the model is truly learning di↵erences in diseases rather than the ambiance

noise. In this work, we have collected such a dataset and trained a binary cough classifier,

TBscreen, that provides us the opportunity to answer the question- Are there discriminatory

features in frequency content of TB coughs in comparison to other respiratory diseases?
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Chapter 8

NAIROBI DATASET

8.1 Enrollment

Audio cough recordings of participants with pulmonary TB and control participants having

non-TB-related cough (non-TB) were collected at the Centre for Respiratory Diseases Re-

search (CRDR), Kenya Medical Research Institute (KEMRI), Nairobi, Kenya. We recruited

adult outpatients with TB from National Treatment Program clinics prior to starting anti-

tuberculosis treatment. Pulmonary TB was diagnosed based on a spontaneous sputum sam-

ple that was GeneXpert (MTB/RIF or Ultra) positive, which was subsequently confirmed by

AFB-culture. At the CRDR, sputum samples were decontaminated using N-acetyl-L-cysteine

and sodium hydroxide and examined using fluorescence microscopy. If one or more acid-fast

bacilli (AFB) per equivalent of 100 immersion fields was observed, the slide was considered

positive and graded on a 0 to 3+ scale. After re-suspension with phosphate bu↵er, equal sam-

ple volumes were used to perform mycobacterial culture and GeneXpert MTB/RIF or Ultra

(Cepheid, Sunnyvale, CA). The GeneXpert assay assigns a semiquantitative category to pos-

itive tests for M. tuberculosis based on cycle threshold (Ct) values. GeneXpert MTB/RIF

categories are high, medium, low, and very low; Ultra has an additional level, trace positive,

the lowest level of detection. Mycobacterial culture was performed using MGIT Manual

Mycobacterial Growth System (Becton-Dickinson, Franklin Lakes, NJ). Isolates were iden-

tified as M. tuberculosis using the Capilia TB Test Kit (TAUNS, Numazu, Japan). Sputum

evaluations were performed on fresh samples. Per Kenya policy, patients with TB who were

not known to be HIV positive underwent HIV testing. Participants with non-TB-related

cough were adult outpatients recruited from the same National Treatment Program clinics

or other clinics and were GeneXpert negative, had chest X-rays not typical for TB, and were
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Figure 8.1: Dataset summary (a) Study protocol for the audio data collection at Kenya Med-
ical Research Institute (KEMRI), Nairobi and subsequent cough annotation at University of
Washington (UW), Seattle. Subjects with Tuberculosis (TB) and a control group of subjects
having pulmonary symptoms other than Tuberculosis (non-TB) had natural cough sounds
(passive coughs) recorded using three recording devices in a quiet room for two hours. A
subset of the subjects provided forced coughs (voluntary coughs) at the beginning of each
audio recording. These recordings were annotated using Audacity software and cough sounds
with minimum background noise or distortion were selected. (b) The bar graphs represent
the total passive and voluntary coughs (including all recording devices) in the Nairobi cough
dataset. The lighter shade in the bar graphs indicates cough discarded due to environmental
noise or audio distortion and darker shade represents the selected coughs per group. The
adjacent boxplot represents distribution of total selected cough counts per subject including
all three recording devices.
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determined to have cough due to conditions other than TB by study clinicians. Chest X-rays

were evaluated for cavitary disease by a study investigator (DJH). Various sub-categories of

semi-quantitative GeneXprt and Sputum smear results were grouped into two categories –

high and low. For GeneXprt, low category included trace, very low, and low results, and

high category included medium and high semiquantitative readings. Similarly for sputum

smear result, negative, scanty, and 1+ were classified as low and 2+, and 3+ results were

categorized as high.

8.2 Study Protocol

After obtaining informed consent (in English or Swahili), each participant sat in a quiet room

for 2 hours with three recording devices recording continuous audio. The audio recording

was annotated by humans to mark coughs in the audio file. Three audio devices; a smart-

phone (Google Pixel 2), a low-cost boundary microphone (Codec), and a high-end condenser

microphone (Yeti) were used to record the audio at a sampling frequency of 44.1 KHz and

were placed on a table in front of the subject at a fixed distance. The latter two devices

were plugged into a laptop for recording. The audio recording room was selected to be in

a quieter location of the hospital grounds to minimize background noise interference and

participants were advised to minimize any phone conversation while the microphones were

recording. Forced coughs from participants, where individuals were prompted to produce

10 coughs, were also recorded for a subset of participants. Raw audio data was uploaded

to the Amazon Cloud Services S3 platform by the data collection team in Kenya. Along

with audio recording, we collected demographic (age, gender, smoking history, pulmonary

health history, HIV history) and clinical data (sputum analysis, chest-Xray, and blood sam-

ples) (Table 1). Study data were collected and managed using REDCap electronic data

capture tools hosted at University of Washington. The study was approved by the Uni-

versity of Washington (STUDY00009209) and KEMRI (KEMRI/SERU/CRDR/048/3988)

Institutional Review Boards. Audio files were annotated by human annotators at the Uni-

versity of Washington using Audacity software. Coughs with any background noise such as
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fan, door, speech, or any other respiratory sounds like a sneeze or clearing of nose/throat

were discarded. Additionally, cough audio files with any waveform distortion were removed

from the dataset. Each cough sound was processed to have a fixed length of 1 second, and

recordings greater than a second were divided into multiple audio files. Files with a length

of less than 1 second were centered and padded with zeroes to make them one second long.

Audio segments less than 0.1 seconds were discarded.

8.3 Dataset

The passive cough dataset consists of 43,200 coughs, each one second long, from 149 subjects.

After rejecting 4,390 TB and 5,169 Non-TB coughs due to background noise and clipping,

the total number of passive coughs in the Nairobi Cough dataset was 33,641 (TB: 23,191 and

Non-TB: 10,450) from all three recording devices and 149 subjects (TB: 103 and Non-TB:

46) The forced cough set was reduced from 1,619 to 1,225 coughs (TB: 991 (42 subjects),

non-TB: 234 are (8 subjects)) after discarding 394 coughs due to clipping or background

noise.

Dataset-T1

We built a balanced subset having an equal number of TB/non-TB subjects to (Fig. 8.2(a))

to train and evaluate the binary classifier since the number of subjects in the non-TB group is

lower than the TB group (Table 8.1). The balanced dataset consists of 45 non-TB subjects (1

subject was removed due to lack of sex information) and 45 TB subjects randomly sampled

from the TB dataset. The sex distribution of TB (male: 27, female: 18) and non-TB (male:

27, female: 18) subjects was identical. We limited the maximum number of coughs per

subject to 225 (the average number of coughs per subject in the dataset) to avoid signatures

from any one subject dominating in training or evaluation. A dataset with 21,133 coughs

(10,728 TB and 10,346 non-TB) was trained and tested with 5-fold nested cross-validation.
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Table 8.1: Demographic and Clinical Information of cohort
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Figure 8.2: Datasets used for training and testing of passive and voluntary binary cough
classifier. (a) T1 Dataset: it has 5 subject-independent (unique subjects) folds with equal
number of TB (n=45) and non-TB (n=45) subjects and identical gender distribution for
both the classes. Distribution of cough in T1 with respect to recording devices, age, HIV
status and smoking status is summarized. (b) T2 Dataset: an unbalanced test set consisting
of coughs from all TB subjects (n=103) and all non-TB subjects (N=46) coughs in the
dataset. T1 folds are extended to include all non-training data in the dataset, each fold is
constructed such that there is no overlap of subjects in training and testing data. Distribution
of cough in T2 w.r.t to recording devices, age, HIV status and smoking status is depicted.
(c) T3 Dataset: this dataset contains voluntary coughs from TB (N=29) and non-TB (N=8)
subjects, each fold is constructed such that there is no overlap of subjects in training and
testing data. Distribution of cough in T3 with regards to to recording devices, age, HIV
status and smoking status is depicted.
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Dataset-T2

T2 is an extension of the T1 dataset and includes all non-TB (n=1) and TB (n=58) subjects

not part of T1. It provides a 5-fold unbalanced dataset with 33,641 passive coughs (TB:

23,191, non-TB:10,450). Distribution of coughs based on the recording device, age, HIV

infection, and smoking status is summarized in Fig. 8.2(b). This dataset is used as a test

dataset giving us performance metric for 5 folds using models rained on T1. Test folds are

independent of training sets, for example, a model trained/validated on Fold 2-5 of the T1

dataset are tested using Fold 1 of T2.

Dataset-T3

Forced coughs were used to evaluate the passive cough model trained using T1. A test set

T3 was built for each fold such that coughs (passive or forced) from the same subject were

not present in the training and the testing set simultaneously.

Dataset-Multiclass

Three sub-datasets were built using passive coughs from the Nairobi dataset, each with 3

classes: non-TB (class-0), low-TB presentation (class-1) and high-TB presentation (class-2).

Classes 1 and 2 were assigned by estimated Mtb bacillary burden (low or high for class 1

or 2, respectively)based GeneXpert semi-quantitative grade (class 1: trace, very low, and

low; class 2: medium, and high), sputum smear result (class 1: negative/scanty/1+; class

2: 2+/3+), or chest X-ray findings of cavitary disease absent (class 1) or present (class

2). Therefore, 3 di↵erent models based on GeneXpert, sputum smear, and chest-Xray were

trained and evaluated using 5-fold cross-validation. Each dataset is divided into 5 folds such

that all the classes have equal number of subjects and similar gender distribution.
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Chapter 9

TBSCREEN: COUGH CLASSIFIER

Nairobi Dataset was used to train and evaluate a cough classifier to di↵erentiate between

TB cough and cough from other respiratory ailment. This chapter details processing of cough

features to feed as input to the model, model architecture, and training/evaluation of the

cough model.

9.1 Cough Features

The cough audio sampled at 44.1 KHz was trimmed/adjusted to have duration of 1 second

by either padding the shorter audio file with zeros or dividing the longer cough data into

multiple files. Next, to extract both time and frequency domain information from cough

data, 1-D audio was converted to frequency domain (2-D) by generating scalograms with

Complex Morlet Transformation. These scalograms are used for training and evaluating

TBscreen classifier. TBscreen was also compared to baseline models trained using cough

spectrograms. Sub-sections below describe the methodology to pre-process audio data as

input to cough models.

Figure 9.1: Scalogram image generation.
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9.1.1 Scalogram

The shape of the complex Morlet mother wavelet, a sine wave tapered by a Gaussian, resem-

bles the shape of an audio waveform which is nearly sinusoidal, and was used for scalogram

generation. Complex Morlet waveform transformation is defined by equation 9.1, a band-

width (B) of 1.5 and center frequency (C) of 1 was selected for our application.

 (t) =
1p
⇡B

exp
�t2/B

exp
j2⇡Ct (9.1)

Hundred scales of the scalogram with spacing defined by – was selected between di↵erent

frequency ranges: 10-4KHz, . To enhance the features, we used log normalization of the

scalograms. This generated 2-D log scalogram of size 100*44100. To reduce the dimension-

ality, instead of feeding the log scalogram directly, color image of the log scalogram was was

stored as a PNG image of size 1150*1232*3 and fed to the model. PNG images generated

using matlplotlib library with time on x-axis and scales on y-axis in increasing order was

used (Fig. 9.1). To study impact of sampling rate, log scalogram images were also generated

for audio files resampled to 8KHz.

9.1.2 Spectrogram

For the ResNet18 baseline model, audio sample was converted to log melspectrogram using

PyTorch’s torchaudio transformation. In case of VGGish, we generated log melspectrogram

using the technique proposed in the initial publication [56].

9.2 Model Architecture

9.2.1 TBScreen

Binary Classification Model:

Several models were evaluated as summarized with pretrained ResNet18 [53] model per-

forming the best. ResNet18 has four residual convolutional blocks called the feature layers,
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followed by an adaptive average pooling layer and a final dense layer which is called the

classification layer of the model. The original model architecture was modified by replacing

the classification layer (a single dense layer) with two dense layers. Dropout layers were

added before each dense layer to prevent the model from overfitting, and ReLu activation

was used between the two dense layers (Fig. 9.2). The input image was reduced to resized

to 448x224x3 and mean and standard deviation of image dataset was used for training and

evaluation.

Multi-Class Classification Model:

This model was similar to the binary classifier, apart from the output layer which had three

classes instead of one (Non-TB, low TB load, and high TB load) and SoftMax activation.

9.2.2 Baseline Model

For baseline, we used two models: (a) pretrained ResNet18 model (Fig. 9.2 (b)) , (b)

pretrained VGGish [56] with log mel spectrograms as input.

9.3 Training and Evaluation

We used transfer learning with ResNet18, pre-trained with millions of images using Ima-

geNet [32] to train our TB vs non-TB binary classifier. The scalogram image was resized to

448x224x3, normalized to have values between 0 to 1, and adjusted for mean and variance

using ResNet18 pre-trained model’s data to train the model. A similar transformation was

applied to the testing and validation sets. The scalogram image is di↵erent from the Ima-

geNet dataset which was used to train the ResNet18 requiring to fine-tune both the feature

layer along with training the classification layers of the model. We used binary cross entropy

loss with Adam optimizer to train the model. The model hyperparameters - learning rate

for feature/classification layers, learning rate scheduler, and batch size were tuned to adjust

the model performance. The model was trained for at least 20 epochs after which training,
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Figure 9.2: (a) 5-fold cross validation (b) ResNet18 model for TBscreen.

and validation loss was monitored to stop the model training early. The model training was

stopped when the training loss didn’t improve for 10 consecutive epochs, or the validation

loss increased for 10 continuous epochs. The knee point of the training curve, the point at

which training stabilizes was calculated and the model thereafter with the best validation

accuracy was selected. The best performing binary model (highest ROC-AUC score) across

di↵erent folds was trained with a learning rate of 0.000001 for feature layers, 0.00001 for the

classification layer, a batch size of 32, and a scheduler that decreases the learning rate by

0.1 every 20 epochs.

In training multi-class model, we used cross entropy loss with SoftMax activation for the

output layer. Performance was measured using overall accuracy and class-specific accuracy

calculated from the normalized confusion matrix. Additionally, per class accuracy, sensitivity

and specificity was also calculated.
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For ResNet18 baseline model, the generated log melspectrogram (sampling rate: 44.1KHz,

hop time = 0.01s, window length = 0.025 s) was normalized using min-max normalization to

convert the amplitudes in the range of 0 to 1. In case of VGGish, we used log melspectrogram

without normalization to fine tune the VGGish model (sampling rate: 16KHz, hop time =

0.01s, window length = 0.025s). These models were trained similarly using Adam optimizer

with hyper-parameter tuning, and similar criteria to select the model.

All models were trained and tested using 5-fold, nested, cross-validation with the balanced

dataset divided into subject independent 5 folds and having an equal number of TB and non-

TB subjects. Gender distribution for TB and non-TB subjects were kept identical in each

fold (Fig. 8.2. In each of the five iterations, the model was tested on one of the folds while

trained and tuned using the rest of the four folds (Fig. 9.2). This was repeated 5 times so

that each sub-fold acted as an independent test set giving us five sets of model metrics. In

each training, three of the four training folds were used for training, and one-fold was set

aside for validation to adjust the model hyperparameters. Since there were four folds in total

for training and validation, we trained and validated four models and the best-performing

model was selected to evaluate the independent test set. All models were trained with

PyTorch using multiple GPUs part of the Hyak supercomputer system at the University of

Washington. Model performance was evaluated using Receiver Operating Curve-Area Under

the curve score (ROC-AUC score), sensitivity, and specificity.

9.4 Statistical Analysis

The Mann-Whitney U test was used to assess statistical significance without any assump-

tion of normality in the dataset (implemented using Python’s SciPy library). Di↵erences

between ROC curves were tested for significance using DeLong’s test. We assessed associa-

tions between cough frequency and TB characteristics using multivariate generalized linear

regression models in which we included predictor variables (age, sex, HIV status GeneXpert

grade, AFB-smear grade, chest X-ray cavitation) with p-values <0.05 in bivariate analyses.

All statistical tests were two-sided with ↵ = 0.05. Analyses were performed using Stata
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14 (StataCorp, College Station, TX) and R: A Language and Environment for Statistical

Computing.

9.5 Result

In order to examine whether cough counts or features are TB-specific, we enrolled partici-

pants with cough seeking healthcare who were diagnosed with TB (N=103) and without TB

(N=46, Table 8.1) in Nairobi, Kenya. Participants with TB were recruited from National

Treatment Program clinics and were GeneXpert (MTB/RIF or MTB/RIF Ultra) positive,

subsequently confirmed by AFB-culture. All study interventions were performed prior to

the initiation of anti-tuberculosis therapy. Participants with non-TB-related cough were

recruited from the same National Treatment Program clinics or other clinics and were all

GeneXpert negative, had chest X-rays not compatible with TB, and were determined to

have cough due to conditions other than TB (e.g., bacterial pneumonia, viral upper respi-

ratory infection, asthma) by study clinicians. Both groups had similar demographic and

clinical characteristics with many subjects self-reporting cough for longer than two weeks,

fever, and night sweats (Table 8.1). We extracted 43,200 passive (natural) coughs from these

subjects (N = 149) by annotating continuous two-hour audio recordings from three devices

used simultaneously (smartphone, low-cost boundary microphone, and high-cost condenser

microphone), in a dedicated and relatively quiet room (Fig. 8.1). To examine the relation-

ship of cough features between participants with TB and non-TB-related cough, we selected

coughs with minimum background noise and audio distortion for analysis, bringing the total

clean passive cough count to 33,641. In addition, we collected forced coughs from a sub-

set of participants (42 TB and 8 non-TB) giving us a total of 1,619 coughs from all three

recording devices (Fig. 8.1). Amongst these, 1,225 coughs with minimum background noise

or audio clippings were selected for cough feature analysis. This dataset provides a unique

opportunity to compare disease (TB) and control (non-TB) cough features recorded with

low demographic variability and minimum ambient noise interference.
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Figure 9.3: Summary of cough counts in a two-hour interval. Box plots in (a) represent
cough distribution of TB vs non-TB subjects. Mean number of coughs in each box plot
is depicted by a triangle. Similarly, cough distribution for various sub-categories of TB
subjects is summarized with (b) low, and high PCR test result using GeneXpert; (c) low
or high sputum smear score; (d) with or without cavity on chest X-ray findings; (e) with
or without HIV infections; (f) with or without a history of smoking. In each graph, total
number of subjects in the category is shown by N. Data for subjects with missing sub-
category information is not shown. *=P<0.05 with univariate testing by Mann Whitney U
statistical test.
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9.5.1 Cough counts and TB presentation

We first examined whether passive cough counts were associated with TB compared to those

without TB related cough. Median cough counts in participants with TB were similar to

those without TB (64 vs 65, coughs, P=0.64); Fig. 9.3). We also evaluated whether cough

count associated with di↵erent TB presentations. Increased cough counts were associated

with an increase in sputum Mtb bacterial load measured by GeneXpert (low (48 coughs),

and high (73 coughs), P=0.01; Fig. 8.1(b)), and sputum AFB-smear (low (54 coughs) or

high (76 coughs) sputum smear, P=0.04; Fig. 8.1c)). Participants with lung cavities on chest

radiographs (76 coughs) had higher median cough counts compared to those without lung

cavities (59 coughs; P=0.04, Fig. 8.1(d)). The median number of coughs were similar in TB

subjects with and without HIV infection (72 vs 60 coughs, P=0.50), and with and without

history of smoking (69 vs 62 coughs, P=0.93) (Fig. 8.1(e)-(f)). Using a generalized linear

regression model to test associations between clinical variables and cough counts, we found

that only semi-quantitative grading of GeneXpert remained significant with an increase of

22.8 counts with each additional grade (P=0.02, additional data in Appendix Table A.1).

Overall, the data suggest that participants with TB and without TB have similar cough

counts and that the cough counts among participants with TB increases with mycobacterial

load.

9.5.2 Binary TBscreen performance

We next examined whether features of cough audio, including variations in signal energy over

time, and frequency, distinguished TB from non-TB-related coughs. We developed TBscreen,

a ResNet18 based TB vs. non-TB classifier using RGB images of scalogram (time-frequency

feature map generated using complex Morlet wavelet transform) of passive cough sounds from

all three recording devices. The model was trained and tested using 5-fold cross-validation on

dataset T1 (N=90: TB=45, non-TB=45; Table 8.1 and Fig. 8.2(a)). Ninety subjects were

divided into 5 groups called folds, with each fold having a balanced number of unique subjects
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(subject-independent folds) and identical gender distribution between the two classes (TB

and non-TB, Fig. 8.2(a)). For 5-fold cross-validation, the binary classifier was first trained

and validated on four of the five folds and then evaluated on the independent reserved fold,

with the entire process repeated four more times (Fig. 9.2(a)). The ResNet18 classifier

(Fig. 9.2(b)) generated an average receiver operating characteristic – area under the curve

(ROC-AUC) of 0.79 and a standard deviation of 0.06 (sensitivity: 0.70±0.11, specificity:

0.71±0.10) across five folds on the subject balanced dataset T1 (Table 2 9.1, ROC curve

for T1 with standard deviation across di↵erent folds in Fig. 9.4(a)). The five test folds

of T1 dataset was expanded to form T2 (N=149: TB=103, non-TB=46; Fig. 8.2(b)) by

including all non-TB (n=1) and TB (n=58) data in the Nairobi dataset that wasn’t used for

balanced classifier training/evaluation. The model results on dataset T2 across 5 folds had

a ROC-AUC score of 0.82±0.03 (sensitivity: 0.74±0.02, specificity: 0.72±0.10, Table 9.1,

ROC curve in Fig. 9.4(a)).

We next performed several secondary analyses. To understand if the model trained on

passive coughs is translatable to analyze forced coughs, we evaluated the classifier’s per-

formance on a test set consisting of only forced coughs (Dataset T3, TB=29, non-TB=8,

Fig. 8.2(c)). The classifier’s sensitivity dropped to 0.34±0.13 while specificity increased to

0.81±0.12 with a ROC-AUC score of 0.64±0.05. This indicated that the forced cough model

performed poorly and classified the majority of the cough data as non-TB (Table 9.1).

We also examined whether there were device-related performance di↵erences. We used

a subset of the cough dataset by including coughs from only one recording device to train

and evaluate the model performance on the T1 and T2 subsets. The smartphone-based

model performed best with 0.83±0.11 ROC-AUC for T1 subset, and 0.86±0.03 for T2 subset

(Table 9.1, Table 9.3, Appendix Table A.2, Appendix Table A.3). Since our dataset contains

multiple coughs from the same participant, along with evaluating performance per cough,

we evaluated the model for accuracy per participant. The model on an average correctly

classified TB coughs per TB participant with an accuracy of 0.68 (95% CI: (0.61, 0.75),

N=103, Table ??), and 0.78 (95% CI: (0.70, 0.86), n=45) for non-TB coughs per non-TB
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subject. Together, these data demonstrate that TBscreen can discriminate between TB and

non-TB cough features, but a model trained on passive cough is not translatable to predict

forced cough features. Interestingly, the model based on smartphone coughs had the best

performance on a reduced test set.

Table 9.1: Performance across datasets using all recording devices

Impact of various parameters

We next analyzed the impact of transient cough features on model performance by training

and testing cough classifiers (dataset T1) using scalogram features generated from di↵erent

frequency ranges (10 Hz-4 KHz, 4 KHz-8 KHz, 10 Hz-16 KHz) and sampling rates. The

model performed best in the frequency range of 10 Hz-4 KHz (sensitivity: 0.70±0.11, speci-

ficity: 0.71±0.10) and had lower sensitivity and specificity in frequency ranges above 4KHz
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Figure 9.4: Passive Binary Cough ROC plot. (a) ROC-curve with standard deviation across
5-folds for model trained using coughs from all devices and evaluated on T1: subject balanced
passive cough dataset (w.r.t. to gender and number of subjects) and used for 5-fold training
and testing of the classifier; T2: expanded T1 consisting of all non-TB subjects and TB
cough data not included for training the 5-fold classifier; T3: a voluntary cough dataset
consisting of coughs from TB and non-TB subjects. ROC curve with standard deviation
for s second model trained on and validated on coughs from smartphone is also represented
(b) ROC-curve with standard deviation across 5-folds for model trained using coughs from
smartphone and evaluated on T1, T2, T3 (c) Comparison of ROC curve of the binary cough
classifier trained using scalogram images of cough and baseline cough models trained on
mel-spectrogram features.
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Table 9.2: Performance across datasets using particular recording device
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(0.64±0.19, 0.68±0.08, p < 0.001, Table 9.3,Appendix Table A.3,Appendix Table A.4). Next,

we analyzed features using di↵erent sampling rates (rate at which audio data is sampled by

the device: 8 kHz, 44.1 KHz) to verify its impact on the model performance. We observe

that the model performance degrades with a lower sampling rate (p < 0.001, 9.3,Appendix

Table A.2,Appendix Table A.3). The binary cough model performs best in the frequency

range of 10 Hz – 4 KHz with a sampling rate of 44.1 KHz.

Further, we assessed the influence of recording devices by training and evaluating de-

vice specific cough classification models. The cough model was trained and tested on each

fold in T1 using data only from a specific recording device (T1 subset), scalogram features

in frequency range of 10 Hz - 4 KHz, and audio sampling rate of 44.1KHz. Overall, the

model trained with smartphone data performed best with an average AUC-ROC score of

0.83±0.1, sensitivity of 0.76±0.12 and specificity of 0.74±0.1, followed by boundary mi-

crophone (sensitivity: 0.69±0.09, specificity: 0.67±0.20, p < 0.001), and then condenser

microphone (sensitivity: 0.65±0.19, specificity: 0.65±0.13, p < 0.001) (Fig. 9.4(b), Table

9.2, 9.3, Appendix Table A.2, Appendix Table A.3 ). On evaluating device specific models on

complete T1 test set (with all the recording device) we found a drop in specificity across all

device models. Results indicate that smartphone-based model performs best in comparison

to the other two recording devices and a model trained on one device has lower performance

while evaluating cough data from multiple recording devices.

Performance bias of smartphone based cough model

We further examined the best performing model (Smartphone cough-based model, fre-

quency range: 10 HZ-4 KHz, and audio sampling rate: 44.1 KHz) within di↵erent demo-

graphic/clinical sub-categories like gender, age, smoking status, HIV infection, and di↵er-

ent presentations of TB subjects (Table 9.4 and Appendix Table A.4)) using T1 subset

(only coughs recorded with smartphone). The model demonstrated better performance with

male coughs (ROC-AUC: 0.87+0.15) over female coughs (ROC-AUC:0.78±0.12, p < 0.001).

The model performed better for older age group (ROC-AUC in 18-40: 0.80±0.15, 40-60:
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Table 9.3: Various cough features and model performance
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0.87±0.11, p = 0.01). The model performance was also better for PLHIV subjects versus

subjects with no HIV infection (p < 0.001). Subjects with a smoking history had higher

ROC-AUC score (0.87±0.17, p < 0.001) over subjects with no smoking history (0.80±0.10).

The ROC-AUC score of the model in di↵erentiating between TB and non-TB coughs was

higher for TB subjects with high GeneXpert semi-quantitative grade (0.86±0.12, p < 0.001)

versus TB subjects with low grade (0.69±0.12). The model performed better in TB subjects

with a lung cavity (0.86±0.12, p < 0.001) versus no lung cavity (0.71±0.05). Overall, the

smartphone-based cough model had better performance with male subjects and TB sub-

jects having a higher GeneXpert semi-quantitative grade or a cavitary chest x-ray and was

una↵ected by age.

9.5.3 Baseline Model performance

We compared VGGish and ResNet18 models trained on mel-spectrogram (alternative audio

frequency representations) as a baseline against the scalogram model. The mel-spectrogram

feature set was able to classify TB/non-TB coughs (AUC-ROC score: 0.61±0.06/0.62±0.08,

VGGish/ResNet18), but had lower sensitivity (0.62±0.19/0.66±0.16, VGGish/ResNet18),

and specificity (0.61±0.09/0.58±0.10, VGGish/ResNet18) in comparison to TBscreen (AUC-

ROC score: 0.79+0.06, p < 0.001) built using scalogram features (Table 9.3, Fig. 9.4(c),

and Appendix Table A.3). Together, these subgroup analyses demonstrated that scalogram

cough features generated in a frequency range of 10 Hz-4 KHz from cough audio recorded

using smartphone at a sampling rate of 44.1 KHz had the best performance in di↵erentiating

between TB and non-TB coughs.

9.5.4 Multi-class TBscreen performance

We extended the binary classification model (TB vs non-TB) to a multiclass classifier to

examine whether cough features can di↵erentiate between non-TB and various clinical pre-

sentations of TB. The model included three distinct classes- non-TB (class-0), low-TB burden

presentation (class-1) and high-TB burden presentation (class-2). The level of TB burden
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Table 9.4: Smartphone based model performance
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Table 9.5: Subject wise smartphone based model performance

was either based on Mtb bacillary load estimated using GeneXpert or sputum smear result

(low vs high bacterial load); or on the presence (high)/absence (low) of lung cavities. There-

fore, 3 di↵erent models based on GeneXpert, sputum smear, and chest-Xray were trained

and evaluated using 5-fold cross-validation. Each fold had coughs from unique participants

(subject-independent), balanced number of participants, and equal gender distribution across

three classes (Fig. 9.5). The accuracy score for a model based on GeneXpert was 0.40±0.09

(n = 90; Class 0/1/2: 30), sputum smear 0.45±0.05 (n = 105; Class 0/1/2: 35), and chest

x-ray 0.44±0.03 (n = 117; Class 0/1/2: 39). All three models had the highest sensitivity

for class 0 (GeneXpert: 0.58±0.23, sputum smear: 0.58±0.05, chest x-ray: 0.62±0.07) and

lowest sensitivity for class 1 (GeneXpert: 0.21±0.08, sputum smear: 0.33±0.15, chest x-ray:

0.23±0.08). In summary, the chest x-ray based multi-class model had better sensitivity for

all three classes in comparison to the other two models but overall, the accuracy and sensitiv-

ity of all three models were sub-optimal due to lower performance in distinguishing between
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class 1 and class 2 (Fig. 9.5, Table. 9.6).

Figure 9.5: Dataset and performance for multi-class classifier. Model using (a) GeneXpert
levels, (b) sputum smear result, or (c) chest X-ray. Multi-Class normalized confusion matrix
for four di↵erent types of classification is presented along with the subject/gender distribution
in the 5-fold cross validation dataset. The confusion matrix summarizes classification results
from all five folds.

9.6 Summary of Learning & Limitations

We investigated whether cough characteristics discriminate between TB and non-TB-related

coughs. Although cough counts did not discriminate between cough related to TB ver-

sus other conditions, cough scalogram characteristics were associated with identification of

coughs due to pulmonary TB. Our initial ResNet18 classifier model distinguished TB vs

non-TB coughs with ROC curve value 0.79±0.06 using scalogram features (signal energy

vs time and frequency) generated in the frequency range of 10-4 KHz and sampling rate of

44.1 KHz using a balanced dataset. We found that the best performing model was based

on recordings from a Pixel smartphone (ROC curve 0.83±0.10). Further improvements in

accuracy of the smartphone-based model were noted in detecting participants with a high

GeneXpert semi-quantitative grade, who are likely most infectious, compared to those with



77

Table 9.6: Multi-class model of TB presentation. Performance metrics of models based on
GeneXpert, Sputum smear and Chest X-ray.

non-TB-related cough (ROC-AUC 0.86, 95% CI 0.87-0.88). This model achieves a sensitivity

of 82% (±21%) at 70% specificity, a level that approaches the WHO TPP for a TB triage

test of 90% sensitivity and 70% specificity.

While several recent studies have shown similar or greater accuracy in TB cough classifiers

[15, 109, 115], we believe that several strengths of the present study elevate the validity of

our findings and support the potential of cough classifiers as TB triage tests. All three

prior studies of machine language algorithms for TB cough-based detection recorded forced
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(voluntary) coughs. In our study we found that forced coughs performed poorly when applied

to a model trained on passive coughs, highlighting di↵erences in these cough types. Two of

the prior studies enrolled healthy volunteers as the control group [15, 115], which would not

be reflective of the expected clinical role (persons suspected of having pulmonary TB) for

cough screening algorithms. Other important limitations to the prior studies include gender

imbalance between classes and the presence of significant ambient noise in the dataset [109].

Additional strengths of our study include rigorous evaluations to exclude TB in non-TB-

related controls, cough recordings obtained prior to TB treatment initiation, strict recording

conditions and standardized lengths of recordings (2 hours), and training/evaluation using

a gender balanced dataset (T1).

We assessed both scalogram and mel-spectrogram cough representation methods due to

a lack of consensus in the field on the optimal methodology. Scalograms generated using

continuous wavelet transform provide better frequency vs time resolution compared to other

frequency domain transformations [30, 40, 153]. This approach has been used in the analysis

of other 1D data like electroencephalogram [10], DNA analysis [100], lung auscultation [143].

The resolution of scalograms come at the cost of increased feature size, especially for audio

data, limiting its applications. To reduce the size of generated scalograms, we used colored

(RGB) images as an encoding for scalograms to train TBscreen [129, 95] making it easier

to use medium size deep learning models for training. We could then leverage pretrained

image classification models reducing the need for a very large training dataset. Traditional

cough-based disease classifiers have been developed using mel-spectrogram [110, 51, 15, 115]

by transforming Short Time Fourier Transform (STFT)-spectrograms with mel-filter banks.

These filter banks mimic frequency sensitivity of a human ear as well reduces dimension of

an STFT based spectrogram [150]. It is di�cult for clinicians to screen patients by listening

to their cough sounds which makes mel-spectrograms (based on response to human ears) as

suboptimal approach. Our results confirm that a model using scalogram features performs

better than mel-spectrogram features in TB disease classification. Additionally, impact of

various factors (demographic, recording devices, cough features, and TB presentation) on
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model performance was assessed to provide better transparency of the TB cough model.

Models trained using di↵erent recording devices show a varied response with the smartphone-

based model having the best performance. The condenser microphone was overly sensitive

resulting in the capture of more ambient sound and a smaller training dataset due to audio

distortion. The boundary microphone is a low-cost microphone which might not have cap-

tured the cough sound adequately, though it’s built-in algorithm to reduce ambient sound

could have positively impacted the performance. Audio recording devices that take in feed-

back to adjust its gain based on an incoming cough’s volume are ideal for recording coughs

for analysis. Narrowing the frequency of interest would help mitigate issues of designing

a universal cough model as it can enable development of tools that are sensitive to audio

frequencies only in the range of interest.

Our study has several limitations. We found the model performed better with males and

those with a higher bacillary load and the presence of cavities. Overall, number of female

subjects and coughs from female participants (n = 36, coughs = 6,559 (31%)) were lower

than male subjects in the dataset (n = 54, coughs = 14,574 (69%)) which could cause the

di↵erence in performance for the two genders. In addition, the improved performance in

subjects with a higher bacterial load or chest cavity could be attributed to more disease

signal in coughs of subjects with advanced TB. The overall study results are limited in terms

of number of subjects and needs evaluation on a larger independent dataset. Increasing

the training data can possibly improve the present sensitivity which is currently lower than

WHO requirement’s (Sensitivity: 90%, Specificity: 70%) for a TB screening tool [108].

Additionally, TBscreen was trained on a controlled dataset and is not optimized for time

e�ciency or robustness to any ambient noise essential for real-world deployment.
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Chapter 10

PASSIVE COUGHS AND FORCED COUGHS

Figure 10.1: Voluntary Cough Analysis: (a) Dataset to analyze voluntary vs passive cough
clus- ters (b) Cluster using voluntary and passive cough scalograms from Male (TB) subjects
plotted with t-sne. (f) A similar t-sne plot for clustering result using coughs of TB (Male)
subjects recorded using smartphone only.

Forced coughs have generated a lot of interest for cough screening and one of the reason

for it’s popularity is the ease of implementation [51, 171]. The Nairobi dataset provided

an unique opportunity to compare passive and voluntary coughs of same subjects and to

answer the research question - Can minimal prompt based forced coughs be a proxy for

passive coughs in TB screening?

10.1 Prior Work

Passive and voluntary cough are comprised of three phases - inspiration, compression, and

expulsion and sound ’similar’ to human ear. Despite the similarities in the sound, researchers

have identified some physiological di↵erences between the cough types [78, 79]. Researchers
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have shown di↵erences in the functional organization and coordination of muscular activity

between reflex and voluntary cough [78]. For example, it was found that abdominal expira-

tory muscleelectromyography (EMG) activity for reflex cough was greater compared to forced

coughs with equivalent airflow rates. In a 2015 study [18], with 25 subjects measured phys-

ical properties of cough using respiratory inductance plethysmography, it was found, Lung

volume initiation (LVI; p = and lung volume excursion were significantly greater for forced

cough compared to passive coughs. Di↵erences between these two cough types likely reflect

di↵erences in the coordination of the respiratory and laryngeal subsystems [54]. Hegland et.

al in a study with subjects having Parkinson’s disease (PD) state that clinicians should be

aware that evaluation of cough function using voluntary cough tasks overestimates the peak

expiratory flow rate (PEFR) and cough expired volume (CEV) that would be achieved dur-

ing passive cough in PD patients [54]. Previous works have focused on mechanical evaluation

of coughs but are limited in terms of time and frequency domain analysis of cough sounds.

10.2 Model

We verify if the voluntary and passive coughs from the same individuals are identical or

not. Equal number of passive and voluntary coughs per device and subject is selected from

the Nairobi dataset, giving us a total of 874 passive coughs and 874 voluntary coughs from

41 individuals with TB (all male). Coughs are converted to scalogram images, normalized,

flattened (3, 448*224) and then reduced using PCA (variance of 0.98). The data is fitted

using K- Means clustering with n=2 and clustering accuracy is measured using adjusted

random index (AXI). The PCA features are plotted using 2-D tsne to visualize the k-mean

clusters. Clustering process is summarized in Fig. 10.1(a)

10.3 Result

We have used K-Means clustering to compare clusters of voluntary vs passive coughs to

understand if they have similar features. To reduce variability in data, we have included

only TB, male subjects, and equal number of coughs from each recording devices giving us
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a dataset of 1196 coughs from 29 male, TB subjects (Fig. 10.1(a)). The clustering score,

AXI is 68% indicating that the characteristics of voluntary coughs do di↵er from passive

cough. The clusters are visualized using t-sne and plotted in Fig. 10.1(b) showing two clear

clusters, cluster 0 only consists of passive coughs though cluster 1 is a mixture of few passive

coughs and all of the voluntary coughs. On performing clustering on a subset of this dataset

by including coughs only from one recording device (smartphone), we find the clustering

accuracy improves further to 72% as shown in Fig. 10.1(c)
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Chapter 11

CONCLUSION

In this thesis, I presented design and validation of screening tools designed for two di↵er-

ent bacterial diseases. The overall design process included selection of a critical biomarker

(pH for oral health and cough for Pulmonary TB) based on bacterial activity, determining

the knowledge gap in sensing the biomarker, and development/validation of new sensing

system to bridge the gap. This chapter summarizes the results for the individual tools and

discusses implications of its introduction in disease screening.

Figure 11.1: Design process for O-pH.
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11.1 O-pH: Summary and Implications

O-pH measures acidification of the oral biofilm which is a critical step in the caries process,

unlike indirect optical methods that rely on the presence of specific bacterial species in

the biofilm. The device is capable of measuring pH of plaque at occlusal pits and fissures

and interproximal surfaces with repeatable measurements (Fig. 11.1). Fast di↵usion of

sodium fluorescein dye into the biofilm enables measurement of pH inside the biofilm’s micro-

environment rather than pH on the saliva surface. Additionally, the dye-based methodology

allows measurement of extracellular pH without disturbing the biofilm. The initial clinical

study with 30 subjects has shown O-pH’s capability to di↵erentiate between low and high

plaque load subjects using pH measurements. Future studies are needed to confirm its utility

as a hygiene monitoring device and to measure pH trends within groups with low plaque

load. We noticed, one of the drawbacks of a point-based device was uncertainty of probing

the same region before and after a sugar rinse. This limitation was addressed by proposing

an imaging-based pH monitoring device developed on the same principle as O-pH and tested

on one subject. mm-SFE scope results indicated its ability to track rest and drop pH with

images. Further clinical studies are needed to evaluate its usability and accuracy.

In the clinic, O-pH could be part of each dental visit to capture the pH heatmap of

patient’s oral cavity. Trends across visits can provide feedback to the dentist and patient

about changes in lifestyle that is positively or adversely a↵ect the oral health, ultimately

providing a method to check growth of harmful oral bacteria. Thus, O-pH and mm-SFE scope

are a step towards development of tools that can break the cycle of lagging dental indicators

by providing site-specific trends that monitors direct bio-chemical properties a↵ecting enamel

health. Along with plaque pH, O-pH can be used to monitor salivary pH that provides a

generalized oral health and is under investigation as an important biomarker for oral cancer

and other health diseases [142, 128, 68, 124].
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Figure 11.2: Design process for TBscreen.

11.2 TBscreen: Summary and Implications

The Nairobi cough dataset provides a unique access to passive coughs of both disease (TB)

and control group (non-TB) with minimal ambient interference and recorded in an iden-

tical environmental setup. Our findings support the feasibility of using a widely available

recording device (smartphones) for a point-of-care cough-based TB screen (Fig. 11.2). The

smartphone-based model performed best in identifying participants with high GeneXpert

grades or cavitary findings on lung disease supporting a role for cough detection in identify-

ing persons with pulmonary TB who are most infectious. Our preliminary results indicate

that spectral signature of passive and forced coughs di↵er and need to be cautious in using

forced coughs as proxy for passive coughs in TB screening. Looking at the present gaps in

TB diagnosis/screening (Fig. 11.3), this tool can be vital in reducing the load of missing

three million cases as it is easy to implement and requires minimal expertise to operate.
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Figure 11.3: TB cascade of care. TBscreen can play an important role in decreasing gap1.

Community health workers could distribute phones in localities with high incidence rate to

analyze cough sounds, helping in early screening and minimizing the transmission. Screening

of passive cough in clinics could be more challenging to implement than screening based on

forced cough as the test would be dependent on how often the patient coughs naturally.

Alternatively, clinics could be fitted with microphones to analyze coughs in the background

while the clinicians evaluate the patient. In case, a low number of coughs are recorded, pa-

tients could be sent home with the app on their phone. After COVID-19, we do understand

how critical it is to identify hot spots early on and TBscreen could be used as a public health

intervention to screen congregate settings for interruption of transmission events.
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Chauhan, Ting Dang, Andreas Grammenos, Apinan Hasthanasombat, Andres Floto,
et al. Sounds of covid-19: exploring realistic performance of audio-based digital testing.
NPJ digital medicine, 5(1):16, 2022.

[52] Moinuddin Hassan, Jason Riley, Victor Chernomordik, Paul Smith, Randall Pursley,
Sang Bong Lee, Jacek Capala, and Gandjbakhche Amir H. Fluorescence lifetime imag-
ing system for in vivo studies. Molecular imaging, 6(4):7290–2007, 2007.

[53] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning
for image recognition. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 770–778, 2016.

[54] Karen Wheeler Hegland, Michelle S Troche, Alexandra E Brandimore, Paul W Dav-
enport, and Michael S Okun. Comparison of voluntary and reflex cough e↵ectiveness
in parkinson’s disease. Parkinsonism & related disorders, 20(11):1226–1230, 2014.

[55] JW Hein. Some of the variables associated with in situ plaque pH measurements.
Journal of Dental Research, 34:695, 1955.

[56] Shawn Hershey, Sourish Chaudhuri, Daniel PW Ellis, Jort F Gemmeke, Aren Jansen,
R Channing Moore, Manoj Plakal, Devin Platt, Rif A Saurous, Bryan Seybold, et al.
Cnn architectures for large-scale audio classification. In 2017 ieee international confer-
ence on acoustics, speech and signal processing (icassp), pages 131–135. IEEE, 2017.

[57] Raimund Hibst, Robert Paulus, and Adrian Lussi. Detection of occlusal caries by laser
fluorescence: basic and clinical investigations. Medical Laser Application, 16(3):205–
213, 2001.

[58] Gabriela Hidalgo, Andrew Burns, Erik Herz, Anthony G Hay, Paul L Houston, Ulrich
Wiesner, and Leonard W Lion. Functional tomographic fluorescence imaging of ph
microenvironments in microbial biofilms by use of silica nanoparticle sensors. Applied
and environmental microbiology, 75(23):7426–7435, 2009.

[59] Christopher K Hope, Karen Billingsley, Elbert de Josselin de Jong, and Susan M
Higham. A preliminary study of the e↵ects of ph upon fluorescence in suspensions of
prevotella intermedia. PLoS One, 11(7):e0158835, 2016.

[60] Christopher K Hope and Susan M Higham. Evaluating the e↵ect of local ph on flu-
orescence emissions from oral bacteria of the genus prevotella. Journal of Biomedical
Optics, 21(8):084003–084003, 2016.



93

[61] CK Hope, E De Josselin De Jong, MRT Field, SP Valappil, and SM Higham. Pho-
tobleaching of red fluorescence in oral biofilms. Journal of periodontal research,
46(2):228–234, 2011.

[62] Md Afzal Hossan, Sheeraz Memon, and Mark A Gregory. A novel approach for mfcc
feature extraction. In 2010 4th International Conference on Signal Processing and
Communication Systems, pages 1–5. IEEE, 2010.

[63] Chuqin Huang, Manuja Sharma, Lauren K Lee, Matthew D Carson, Mark E Fauver,
and Eric J Seibel. Optical imaging of dental plaque ph. In Medical Imaging 2020:
Image-Guided Procedures, Robotic Interventions, and Modeling, volume 11315, page
113152Z. International Society for Optics and Photonics, 2020.

[64] Ali Imran, Iryna Posokhova, Haneya N Qureshi, Usama Masood, Muhammad Sajid
Riaz, Kamran Ali, Charles N John, MD Iftikhar Hussain, and Muhammad Nabeel.
Ai4covid-19: Ai enabled preliminary diagnosis for covid-19 from cough samples via an
app. Informatics in Medicine Unlocked, 20:100378, 2020.

[65] Rajeev Jain, Megha Mathur, Shalini Sikarwar, and Alok Mittal. Removal of the haz-
ardous dye rhodamine b through photocatalytic and adsorption treatments. Journal
of environmental management, 85(4):956–964, 2007.

[66] Spencer L James, Degu Abate, Kalkidan Hassen Abate, Solomon M Abay, Cristiana
Abbafati, Nooshin Abbasi, Hedayat Abbastabar, Foad Abd-Allah, Jemal Abdela,
Ahmed Abdelalim, et al. Global, regional, and national incidence, prevalence, and
years lived with disability for 354 diseases and injuries for 195 countries and territo-
ries, 1990–2017: a systematic analysis for the global burden of disease study 2017. The
Lancet, 392(10159):1789–1858, 2018.

[67] Hyun Jeong, Rafael Salas-Montiel, Gilles Lerondel, and Mun Seok Jeong. Indium
gallium nitride-based ultraviolet, blue, and green light-emitting diodes functionalized
with shallow periodic hole patterns. Scientific reports, 7:45726, 2017.

[68] Rabia Khalaila, Miri Cohen, and Jamal Zidan. Is salivary ph a marker of depression
among older spousal caregivers for cancer patients? Behavioral Medicine, 40(2):71–80,
2014.

[69] Sandra V Kik, Claudia M Denkinger, Martina Casenghi, Caroline Vadnais, and Mad-
hukar Pai. Tuberculosis diagnostics: which target product profiles should be priori-
tised? European Respiratory Journal, 44(2):537–540, 2014.



94

[70] Sandra V Kik, Claudia M Denkinger, Pamela Chedore, and Madhukar Pai. Replacing
smear microscopy for the diagnosis of tuberculosis: what is the market potential?
European Respiratory Journal, 43(6):1793–1796, 2014.

[71] Mogens Kilian, ILC Chapple, M Hannig, PD Marsh, V Meuric, AML Pedersen,
MS Tonetti, WG Wade, and E Zaura. The oral microbiome–an update for oral health-
care professionals. British dental journal, 221(10):657–666, 2016.

[72] Nectarios Klonis and William H Sawyer. Spectral properties of the prototropic forms
of fluorescein in aqueous solution. Journal of fluorescence, 6:147–157, 1996.

[73] Pradeep Koppolu, Sunkara Sirisha, Soumya Penala, Pathakota Krishnajaneya Reddy,
Dalal H Alotaibi, Ghadah Salim Abusalim, Amara Swapna Lingam, Areej H Mukhtar,
Ali Barakat, and Ahmed A AlMokhatieb. Correlation of blood and salivary ph levels in
healthy, gingivitis, and periodontitis patients before and after non-surgical periodontal
therapy. Diagnostics, 12(1):97, 2022.
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Appendix A

TBSCREEN ADDITIONAL RESULTS

Table A.1: Linear regression model of clinical variables and cough counts. A linear regression
model was used to examine whether the indicated variables were associated with cough
counts. The relationship between GeneXpert semi-quantitative scaling (1-5) and cough count
was significant, for every increase in test level, cough count increases by 22.
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Table A.2: De-Long test results for performance across datasets using di↵erent recording
devices: P < 0.05 marked with * indicate significant di↵erence between the ROC curves of
models using Delong test.
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Table A.3: Statistical significance in comparing model performance: P < 0.05 marked with
* indicate significant di↵erence between the models using Delong test.
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Table A.4: Statistical significance in comparing smartphone model performance for various
sub-categories: P < 0.05 marked with * indicate significant di↵erence between the models
using Delong test.
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