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Dyspnea is the subjective sensation of breathing discomfort. It is prevalent in patients 

with chronic and critical illness and associated with poor clinical outcomes and long-term 

psychological trauma. The multidimensional nature of dyspnea and individual variation 

in its presentation make identification difficult, particularly in non-communicative 

patients. To address this critical need, I aimed to (1) better understand the factors 

contributing to individual variation in dyspnea severity by identifying its physiological 

and psychological drivers, and (2) produce a novel tool for monitoring dyspnea based on 

noninvasive biomarker inputs. I recruited healthy adults and administered demographic 

and psychological evaluations to evaluate their health, anxiety levels and interoceptive 

awareness traits. I then induced dyspnea using a semi-rebreathing, forced end-tidal 

system to control arterial partial pressures of oxygen and carbon dioxide while collecting 

self-reported dyspnea scores during free breathing. I also collected clinically-relevant 

noninvasive biomarker data including respiratory air flow rates, inspiratory and end-tidal 

gas tensions, electrocardiogram (ECG), and oxygen saturation. Video was recorded to 

allow physician estimates of dyspnea during experiments. Dyspnea severity was 
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positively associated with physiological factors including the hypercapnic ventilatory 

response (HCVR) (p = 0.006), respiratory rate (p < 0.001), tidal volume (p < 0.001), 

minute ventilation (p < 0.001), and heart rate (p = 0.006). Through mixed linear model 

analysis, I found that trait anxiety has a positive association with dyspnea severity (p = 

0.042). “Attention regulation”, “emotional awareness” and “self regulation” also 

influenced dyspnea severity (p < 0.001, p = 0.004, p = 0.004 respectively). Using a 

combination of demographic and physiological data I trained categorical machine 

learning models to determine if a multivariate method would achieve higher accuracy in 

identification of dyspnea than observational estimates by healthcare professionals. 

Ensembled and classical models were tested. Random forest performed best overall with 

an F1 score of 0.805. We then recruited physicians and nurses to view the videos and 

assess participant dyspnea using the respiratory distress observation scale. They achieved 

a precision-recall F1 score of 0.608, meaning our model performed 32.4 percent better. 

This study highlights the multivariate nature of dyspnea, and the need for further 

evaluation of identification methods.  



x 

TABLE OF CONTENTS 
 
CHAPTER 1: INTRODUCTION .................................................................................... 1 

Physiology of Dyspnea, and its Three Main Dimensions .................................................................... 2 

Air Hunger .................................................................................................................................... 3 

Chest Tightness ............................................................................................................................. 4 

Increased Effort or Work ................................................................................................................ 4 

Chemoreflexes .................................................................................................................................. 6 

Clinical Importance of Dyspnea ........................................................................................................ 8 

Impact on Patients' Daily Lives: ...................................................................................................... 8 

Psychological impact: .................................................................................................................... 8 

Patient Outcomes: .......................................................................................................................... 9 

Identification and Assessment of Dyspnea ....................................................................................... 10 

Assessment of dyspnea in noncommunicative patients: ................................................................... 10 

Limitations of observational assessment: ........................................................................................ 11 

Machine learning may show promise as a valid method of predicting dyspnea severity: ..................... 12 

Study Aims ..................................................................................................................................... 12 

CHAPTER 2: METHODS ............................................................................................. 14 

Ethical Approval .......................................................................................................................... 14 

Participant recruitment ................................................................................................................. 14 

General survey ............................................................................................................................ 15 

Psychological surveys .................................................................................................................. 15 

Safety testing ............................................................................................................................... 17 

Dyspnea stimulation experiments .................................................................................................. 17 

Collection of physiological data .................................................................................................... 20 

Data Extraction ............................................................................................................................ 21 



xi 

Statistical Analysis .......................................................................................................................... 23 

Data pre-processing ..................................................................................................................... 23 

Correlations ................................................................................................................................ 23 

Mixed effect models: ................................................................................................................... 23 

Machine learning ......................................................................................................................... 24 

Physician dyspnea severity rating .................................................................................................. 28 

CHAPTER 3: THE ROLE OF VENTILATORY CHEMOREFLEX SENSITIVITY 
IN HYPOXIA- AND HYPERCAPNIA-INDUCED DYSPNEA SEVERITY 
DURING FREE BREATHING ..................................................................................... 30 

Introduction ................................................................................................................................... 30 

Results ........................................................................................................................................... 34 

Univariate Analysis reveals HVR and HCVR are Associated with Dyspnea Severity ......................... 34 

Multivariate analysis reveals age and BMI effects on dyspnea severity ............................................. 37 

Discussion ...................................................................................................................................... 38 

Hypoxic and hypercapnic ventilatory responses are positively correlated with dyspnea severity .......... 38 

Dyspnea severity at controlled arterial PO2 and PCO2 tensions does not differ across healthy men and 
women during free beathing .......................................................................................................... 40 

Determining the role of age in dyspnea severity requires a more chronologically diverse participant 
population ................................................................................................................................... 41 

High BMI may lead to higher dyspnea severity ............................................................................... 42 

Limitations ..................................................................................................................................... 42 

Conclusion ..................................................................................................................................... 43 

CHAPTER 4: ANXIETY AND INTEROCEPTIVE AWARENESS ARE LINKED 
TO DYSPNEA IN FREE-BREATHING INDIVIDUALS .......................................... 44 

Introduction ................................................................................................................................... 44 

Results ........................................................................................................................................... 46 

State anxiety correlates with self-reported dyspnea in hypoxic and hypercapnic conditions, but not when 
combined .................................................................................................................................... 46 

Trait anxiety is correlated with dyspnea severity ............................................................................. 47 



xii 

Interoceptive awareness and self-reported dyspnea ......................................................................... 48 

Multivariate analysis reveals effect of interoceptive awareness dimensions on self-reported dyspnea 
severity ....................................................................................................................................... 49 

Discussion ...................................................................................................................................... 51 

Dyspnea severity increases with elevated trait anxiety ..................................................................... 51 

High “emotional awareness” and “self regulation” lead to increased dyspnea severity; High “attention 
regulation” leads to lower dyspnea ................................................................................................ 53 

Limitations ..................................................................................................................................... 56 

Conclusion ..................................................................................................................................... 56 

CHAPTER 5: A MACHINE LEARNING APPROACH TO PREDICTING 
DYSPNEA WITH NONINVASIVE BIOMARKERS ................................................. 57 

Introduction ................................................................................................................................... 57 

Results ........................................................................................................................................... 59 

Dyspnea severity as a function of gas treatments ............................................................................. 59 

Efficacy of traditional individual biomarkers .................................................................................. 61 

Selection of cut-off for binary classification of dyspnea during model training .................................. 62 

Categorical prediction models ....................................................................................................... 63 

Physician and nurse performance .................................................................................................. 67 

Discussion ...................................................................................................................................... 68 

Individual variation in hypercapnia and hypoxia-induced dyspnea during free breathing .................... 68 

Predictive power of single biomarkers ........................................................................................... 69 

Dyspnea is accurately predicted using machine learning .................................................................. 70 

Healthcare professionals under-estimate dyspnea severity ............................................................... 71 

Limitations ..................................................................................................................................... 72 

Conclusion ..................................................................................................................................... 72 

CHAPTER 6: CONCLUDING REMARKS ................................................................ 74 

BIBLIOGRAPHY: .......................................................................................................... 77 



xiii 

 
TABLE OF FIGURES 

 
FIGURE 1: EXPERIMENTAL TREATMENTS AND A REPRESENTATIVE TRACE ........................ 19 

FIGURE 2: ILLUSTRATION OF THE SEMI-REBREATHING FORCED END TIDAL SYSTEM USED 
TO STIMULATE DYSPNEA .................................................................................................. 20 

FIGURE 3: INDIVIDUAL SPEARMAN RANK CORRELATION OF HVR WITH DYSPNEA ............ 35 

FIGURE 4: INDIVIDUAL CORRELATION ANALYSIS OF HCVR WITH DYSPNEA SEVERITY .... 36 

FIGURE 5: MANN-WHITNEY U TEST RESULTS FOR SEX DIFFERENCES IN DYSPNEA 
REPORTING .......................................................................................................................... 37 

FIGURE 6: DEMOGRAPHIC AND CHEMOREFLEX MIXED LINEAR MODEL .............................. 38 

FIGURE 7: SPEARMAN CORRELATION OF STATE ANXIETY VS DYSPNEA SEVERITY ........... 47 

FIGURE 8: SPEARMAN CORRELATION OF TRAIT ANXIETY VS DYSPNEA SEVERITY ............ 48 

FIGURE 9: MIXED LINEAR MODEL FOR ANXIETY VS DYSPNEA SEVERITY ........................... 50 

FIGURE 10: MIXED LINEAR MODEL FOR INTEROCEPTIVE AWARENESS VS DYSPNEA 
SEVERITY ............................................................................................................................. 51 

FIGURE 11: SEX DIFFERENCES IN CORRELATION TRENDS FOR ATTENTION REGULATION . 55 

FIGURE 12: DYSPNEA INCREASES AS AIR HUNGER STIMULATION INCREASES .................... 60 

FIGURE 13: GROUPINGS OF TREATMENTS ................................................................................ 61 

FIGURE 14: PCA ANALYSIS OF BIOMARKERS VS DYSPNEA SEVERITY .................................. 63 

FIGURE 15: RESULTS FROM MACHINE LEARNING ALGORITHM PERFORMANCE ANALYSIS.
 .............................................................................................................................................. 65 

FIGURE 16: VISUALIZATION OF ONE OF THE INITIAL NODES OF A DECISION TREE WITHIN 
THE RANDOM FOREST CLASSIFIER ................................................................................... 66 

  



xiv 

TABLE OF TABLES 
 
TABLE 1: SUMMARY OF CORRELATION ANALYSIS OF INDIVIDUAL FACTORS WITH 

DYSPNEA SEVERITY ........................................................................................................... 34 

TABLE 2: SUMMARY OF VARIANCE IN SELF-REPORTED DYSPNEA THROUGHOUT 
EXPERIMENTAL TREATMENTS .......................................................................................... 60 

TABLE 3: SUMMARY OF EFFECTS OF BIOMARKERS WHEN APPLIED AS FIXED EFFECTS 
INDEPENDENTLY IN A MIXED LINEAR MODEL WITH AGE, SEX, BMI, PIO2 AND PETCO2 AS 
COVARIATES ....................................................................................................................... 62 

TABLE 4: SUMMARY OF RANDOM FOREST PERFORMANCE USING A VARIETY OF DYSPNEA 
SEVERITY SCORES AS THE CUT OFF BETWEEN "NOT DYSPNEIC" AND 'DYSPNEIC" .... 63 

TABLE 5: CONFUSION MATRIX SHOWING PHYSICIAN PERFORMANCE USING A VARIETY OF 
SELF-REPORTED DYSPNEA CUT OFFS AND STANDARD RDOS SCORING. ..................... 67 

TABLE 6: HYPOTHETICAL PERFORMANCE OF PHYSICIAN SCORING OF DYSPNEA USING 
RDOS ACROSS A RANGE OF DYSPNEA CUT OFFS AND RDOS THRESHOLDS ................. 68 



1 

 

Chapter 1: Introduction 

Dyspnea, commonly known as “shortness of breath”, represents a complex and often 

debilitating symptom that encompasses both physiological and psychological 

dimensions.1,2 From a clinical perspective, dyspnea is not merely an uncomfortable 

sensation but a significant indicator of underlying cardiopulmonary pathologies, affecting 

millions globally and leading to substantial disability by deteriorating daily quality of 

life.2–4  

 

Dyspnea is a common symptom in several chronic and acute pathologies including 

chronic obstructive pulmonary disease (COPD), asthma, heart failure, interstitial lung 

disease, neuromuscular disorders, lung cancer, and acute conditions including  

pneumonia and pulmonary embolism.5–11 The presence of dyspnea is a potent predictor of 

mortality for COPD patients who have been discharged from the ICU and surpassed 

some seemingly obvious measurements such as heart failure FEV1, positive air pressure 

use on discharge, and recent hospital admissions in prognostic value.12,13  

 

The subjective nature of dyspnea, like hunger or thirst, means its severity and qualitative 

aspects vary widely among patients, making its assessment and management a challenge 

in clinical practice. Therefore, a deeper understanding of its mechanisms, comprehensive 

assessment strategies, and effective management approaches are imperative to improve 

patient outcomes and reduce suffering.  
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Efforts to address the issue of dyspnea assessment via observation have been met with 

some success over the years. Namely, the development of the Respiratory Distress 

Observation Scale (RDOS) has equipped healthcare practitioners with a valuable tool to 

assess dyspnea, which is particularly important for noncommunicative patients.14 

However, observation scales come with their own limitations such as requiring in-person 

observation and leaving the times when a patient is not directly under observation 

unaddressed. A tool which can accurately predict or monitor dyspnea in 

noncommunicative people, and could be deployed continuously, is greatly needed. The 

development of such a tool is a focal point of this dissertation and the research presented 

herein.   

Physiology of Dyspnea, and its Three Main Dimensions 

The pathophysiology of dyspnea is fundamentally complex, integrating signals from a 

wide array of sources throughout the body, making it an interoceptive experience distinct 

from discomforts like localized pain. A prevailing unifying theory exists that dyspnea 

results from a  mismatch between the central respiratory motor command and the 

incoming afferent information from receptors in the airways, lungs, and chest wall 

structures.1,15–17 This concept was explained by Godfrey in the late 1960s as "length-

tension inappropriateness," which he described in the context of breath hold experiments. 

He concluded that motor output from the respiratory center which was mis-matched 

because the muscles were not allowed to shorten during the voluntary breath holds 

caused the sensation of dyspnea.18 This definition has evolved to encompass neuro-
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mechanical, or efferent–reafferent dissociation as our understanding of the specific roles 

of the central nervous system, chemoreflexes, and peripheral signaling in modulating 

dyspnea developed.17,19,20  

 

The brain assesses the effectiveness of motor commands issued to ventilatory muscles by 

comparing the expected flow and volume response with actual afferent feedback from 

peripheral sensory receptors. When this comparison reveals an inadequacy in respiratory 

pressure, airflow, or movement of the lungs and chest wall given the outgoing motor 

command, the intensity of dyspnea is heightened.1,15 This mechanism explains how 

dyspnea  can arise from different sources such as breath-holding, insufficient tidal 

volumes, and insufficient minute ventilation. Patients with mechanical loads (resistive or 

elastic) or respiratory muscle abnormalities also experience this efferent-afferent 

dissociation, contributing to dyspnea intensity.  

 

Generally, the sensation of dyspnea includes three dimensions: 

 

Air Hunger: This sensation is characterized by an increased respiratory drive, 

usually associated with increased ventilation. It is considered a "primal sensation" 

and a primary element of dyspnea.21 The sensation of air hunger is strongly 

related to chemoreceptor stimulation, particularly by increased partial pressure of 

arterial carbon dioxide (PaCO2), and can persist even with complete 

neuromuscular blockade, demonstrating its independence from muscular work or 
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effort.22 Studies have shown that when drive is increased while voluntary 

breathing is suppressed, dyspnea escalates rapidly.23,24 Brain imaging studies have 

specifically identified limbic, paralimbic, and cerebellar activation during air 

hunger.25 Some studies suggest the unpleasantness of this sensation is greater than 

that of work/effort in laboratory settings, although due to the highly subjective 

nature of what people find to be “more unpleasant”, this should only be taken as a 

rough generalization.26 

 

Chest Tightness: This dimension is thought to originate from the stimulation of 

pulmonary sensory receptors via vagal pathways, specifically slow-adapting 

receptors, irritation receptors (fast-adapting), and C-fibers in the lung, which 

respond to local airway inflammation and muscle fiber contraction.2,20,27 Clinical 

observations and practice show that relaxation of bronchial smooth muscle via β-

agonists alleviates chest tightness, even when effort and airway obstruction 

persist.1 This indicates that chest tightness is a distinct form of breathing 

discomfort from work/effort and air hunger. 

 

Increased Effort or Work: This sensation is a common feature in conditions 

characterized by abnormal mechanical loads on the respiratory system, such as 

COPD and interstitial lung disease, which reduce compliance of the lung, and 

neuromuscular weakness, which require increased efferent neural activity to 

maintain baseline respiratory output.7 The sensation of increased effort or work of 
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breathing reflects the conscious perception of an increased central respiratory 

motor output, especially directed to the intercostal muscles.16,28 The intensity of 

this sensation correlates with the increase in the effort-to-displacement ratio 

during exercise.29 Fatigue and weakness of respiratory muscles can also intensify 

this sensation, as more effort is required to drive a weak muscle. While 

respiratory muscle activity is not essential for dyspnea perception per se, the 

perception of effort is intrinsically linked to the magnitude of the centrally 

generated motor command signal.23 

 

It is important to note that more than one of these dimensions of dyspnea can be at play 

during a bought of dyspnea, and experimentally isolating one from the other is difficult. 

For the purposes of the study presented in this dissertation, air hunger was the primary 

mechanism by which dyspnea was stimulated. Specifically, we used stimulation of 

central and peripheral chemoreceptors by modulating inhaled oxygen and carbon dioxide 

levels, which will be explained in more detail in the methods chapter. However, various 

degrees of each dimension of dyspnea could have been experienced by the participants of 

our study. This is particularly true of work/effort, as the increase in ventilatory drive over 

multiple minutes can increase the unpleasant sensation of increased breathing effort. 
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Chemoreflexes  

Oxygen levels in the blood are primarily monitored by highly specialized cellular 

structures known as peripheral chemoreceptors.30 The main peripheral sensor for acute 

oxygen changes is the carotid body, a small arterial chemoreceptor located at the 

bifurcation of the common carotid artery.31 Other peripheral chemoreceptors include 

those located in the aortic bodies.30 The sensory and neurosecretory cells within 

chemoreceptors are the glomus cells. These cells are essential for oxygen 

(O2) homeostasis. The glomus cells are grouped in clusters called glomeruli, enveloped 

by glia-like sustentacular cells.31 

 

Recent studies suggest that the molecular mechanism of oxygen sensing is via a 

mitochondria driven model. Under hypoxic conditions, the decrease in oxygen

 availability causes a buildup of electrons along the electron transport train, which slows 

down the processes of mitochondrial complex I, leading to accumulation of NADH and 

production of reactive oxygen species.31 These molecules act as signals that modulate ion 

channels, namely K+ channels, which leads to glomus cell depolarization. This 

depolarization causes voltage-dependent Ca2+ channels to open, and subsequently an 

influx of calcium ions and neurotransmitter release.31 This activates the glossopharyngeal 

nerve which then sends the signal to the central nervous system, primarily the nucleus 

tractus solitarius.15,31 
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While multiple brain and brainstem regions may be involved in carbon dioxide (CO2) 

sensing, there is evidence that it is primarily conducted in the medulla via detection of 

changes in local concentrations of H+ ions.30,32 A well-studied region involved in central 

chemoreception is the retrotrapezoid nucleus (RTN). The RTN is located on the ventral 

surface of the medulla, and is involved both in sensing of changes in CO2 and also 

sending signals to other brain regions when it detects these changes.32 The RTN 

innervates the preBötzinger complex, which is implied to be heavily involved in the 

generation of breathing rhythm.32 It also innervates the Bötzinger region as well as the 

rostral and caudal respiratory groups.32 Due to its broad innervation with multiple 

brainstem components, it has been implicated in the modulation of both breathing rhythm 

and intensity.32 Outside of direct nerve innervation, the RTN also creates and releases 

neuropeptides which affect breathing. These are namely pituitary adenylate cyclase-

activating peptide, galanin, and neuromedin-B.32 

 

When either a lack of oxygen or an increase in carbon dioxide are detected via the 

sensors described above, an increase in ventilatory drive occurs leading to increased 

ventilation (assuming pathology, medications or mechanical ventilation do not interfere). 

As touched on previously, the importance of chemoreception to air hunger lies in the 

balance between the stimulus and the respiratory drive it causes. The increase in 

ventilation in response to a set change in either the partial pressure of oxygen (PaO2) or 

carbon dioxide (PaCO2) will be generally referred to as chemosensitivity, although each 

has a distinct name and measurement: hypoxic ventilatory response (HVR) and 
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hypercapnic ventilatory response (HCVR), respectively. HVR and HCVR can vary 

broadly from person to person, meaning that while breathing the same concentrations of 

oxygen and carbon dioxide, two individuals could have different increases to their total 

breathing output, or total ventilation. It can be hypothesized that those with higher 

chemosensitivity are at higher risk of developing dyspnea, which will be investigated in 

the first research chapter of this dissertation.  

 

Clinical Importance of Dyspnea 

Impact on Patients' Daily Lives: Dyspnea severely limits patients' daily activities, 

exercise capacity, and overall functional status, often leading to a "negative spiral" in 

conditions like COPD.33,34 Patients with dyspnea frequently experience a reduction in 

physical activity, which further deconditions them and exacerbates their breathlessness. 

This limitation can be so severe that it prevents patients from performing basic self-care 

activities like dressing. The impact of dyspnea extends beyond physical limitations to 

significantly impair health-related quality of life across all adult age groups.35 

 

Psychological impact: Dyspnea is intimately linked with psychological distress, 

particularly anxiety, fear, and depression.33,36–38 Up to 74% of COPD patients experience 

anxiety symptoms and up to 55% have clinical anxiety, which can manifest as 

restlessness, motor tension, insomnia, difficulty swallowing, palpitations, and suppressed 

appetite.39,40 This strong association leads to a "dyspnea-anxiety-dyspnea cycle," where 
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the experience of breathlessness causes anxiety, which in turn creates muscle tension, 

intensifying dyspnea and leading to panic.41 Patients describe feeling "frightened," 

experiencing "panic," and thinking about death during severe dyspnea episodes.37,41,42 

The anticipation of discomfort from physical exertion further contributes to psychosocial 

symptoms like anxiety and depression. The quality and intensity of dyspnea are shaped 

by patient experience, expectation, behavioral style, and emotional state, which may 

explain why its relationship with lung function impairment is often weak. Those who are 

more dependent, anxious, or excessively focused on their health may experience severe 

dyspnea with minor increases in ventilatory impedance.4,34,43 

 

Patient Outcomes: All patients reporting any dyspnea at hospital admission are at an 

increased risk of in-hospital death, with greater dyspnea correlating with a higher risk of 

mortality regardless of cause of presentation.3 Dyspnea at admission or recalled within 24 

of admission interview can be predictive of mortality within 2 years of discharge, even 

for those without cardiovascular or pulmonary pathologies.3 Similarly, severe dyspnea is 

extremely predictive of hospital re-admission and mortality for COPD patients being 

discharged from the ICU after surviving acute hypercapnic respiratory failure, even after 

adjusting for age, BMI, airflow obstruction (measured FEV1), and heart failure.13 

 

Dyspnea is frequent and intense in mechanically ventilated patients in the ICU and is 

associated with adverse outcomes such as anxiety, prolonged mechanical ventilation, 

noninvasive ventilation failure, and mortality.44–46 It is often linked to ventilator settings 
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such as low tidal volume, low inspiratory flow rate, and lack of synchronization between 

ventilator and patient breathing efforts.47–49 Moderate-to-severe dyspnea is independently 

associated with noninvasive ventilation failure and higher mortality rates.45 Furthermore, 

adjusting ventilator settings to better meet patient needs improves dyspnea in 35 percent 

of patients, meaning proper identification of dyspnea and intervention can assist a large 

percentage of mechanically ventilated patients.50 In addition, dyspnea during the hours 

following extubation of mechanically ventilated patients is correlated with extubation 

failure, showcasing the importance of continued monitoring of dyspnea.51 The ability to 

monitor and predict dyspnea would allow healthcare professionals to intervene and 

drastically improve patient outcomes. 

 

Identification and Assessment of Dyspnea 

Assessment of dyspnea in noncommunicative patients: The RDOS and its derivative 

scales including the MV-RDOS adapted for mechanically ventilated patients and the IC-

RDOS made for quick use in intensive care units fulfill the crucial clinical role of 

objectively measuring respiratory distress when standard self-report measures, such as 

the Visual Analog Scale (VAS) or Numeric Rating Scale (NRS), are infeasible.14,52,53 The 

RDOS is composed of eight items, each given a score between 0 and 2, for a score range 

of 0-16. These items are respiratory rate, heart rate, accessory muscle use, paradoxical 

breathing pattern, nasal flaring, grunting at end-expiration, look of fear and restlessness. 

The RDOS shows strong consistency in scoring between trained users of the scale, which 
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is critical for a tool with such widescale use.14,54 The nature of the scale also allows it to 

detect changes with treatment, meaning healthcare professionals can understand the 

effectiveness of their intervention by re-assessing the patient. In a recent study, the 

RDOS was used to guide ventilator withdrawal, and showed promise as a method for 

reducing patient distress.55  

 

Limitations of observational assessment: While the RDOS is an excellent tool, it 

suffers from limitations including universal reliability, accuracy, and difficulty 

determining the intensity of dyspnea. For example some of the measures such as heart are 

objective, while others can be masked by patient behavior or sedation, such as look of 

fear. Some studies have noted that despite training, some healthcare professionals 

struggle to maintain consistent scoring on certain items (such as restlessness) in the 

RDOS, and others tried to alter the RDOS categories in an attempt to make it more 

useable for their specific needs.56,57 Also, the relationship between RDOS scores and self-

reported dyspnea has been moderate at best, and generally is found to be weak.44,58 Some 

recent studies have also found that the use of the RDOS causes an underestimation of 

suffering, as nurse and physician assessments of dyspnea are lower than patient self-

report.59 It is important to note that the RDOS, which was developed to bring 

standardization to dyspnea assessment, was not intended to be a catch-all; during initial 

testing the authors clearly considered and discussed the limitations of the observational 

tool they created.14 Despite this, the serious need for a tool of this nature has led to 

continuous research of its use case and limitations. 
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Machine learning may show promise as a valid method of predicting dyspnea 

severity: While the use of machine learning for the monitoring of dyspnea is not well 

established, research into the use of machine learning algorithms for the prediction of 

other subjective sensations (such as pain) based on noninvasive biomarker inputs has 

been under investigation for some time.60–62 Pain, like dyspnea, is an important subjective 

symptom and can similarly be masked by difficulties with communication, sedation, and 

obstruction of proper assessment by healthcare professionals. Despite the large efforts 

into making advancements in prediction, the effectiveness of such methods for consistent, 

accurate monitoring of subjective sensations remains uncertain. Machine learning has 

also been explored as a method for predicting subjective psychological symptoms such as 

fear, anxiety, and even the development of Post Traumatic Stress Disorder.63–67 The lack 

of application of machine learning techniques in the prediction of dyspnea presents a gap 

which a portion of this dissertation attempts to begin to fill, although much more work is 

needed in this realm before any confident remarks can be made about the use of machine 

learning in monitoring dyspnea. 

Study Aims 

Proper identification of dyspnea is critical for improving patient outcomes in the ICU 

setting. However, there are still many things that are not well understood regarding the 

manifestation and intensity of dyspnea. Namely, while work exists to describe some of 

the drivers of dyspnea in patients, less work has been done in a younger, healthier 



13 

 

population to understand fundamental patterns or correlates in dyspnea cases without the 

complications accompanied by the presence of pathology. This is important not only for 

understanding dyspnea more thoroughly, but also as a starting point for what factors to 

implement in tools which can address dyspnea identification in the wide variety of 

pathologies/presentations in the hospital/ICU. While it is unknown whether a single tool 

can encompass all the variance in the range of pathologies and reasons for hospital visits 

which may complicate dyspnea, the importance of a foundational model to build, modify 

and compare future iterations to cannot be overstated. Thus, the overarching goal of the 

work presented in this dissertation is the generation of such a tool. More granularly, the 

general structure of the goals of this dissertation can be divided as follows: 

1.  To determine physiological drivers of individual variation in dyspnea 

onset and severity, including potential relationships between age, sex, 

BMI, and chemoreflex sensitivity in hypercapnic and hypoxia induced air 

hunger in free breathing individuals. 

2. To determine if general anxiety characteristics, namely state anxiety, trait 

anxiety, and interoceptive awareness are linked to dyspnea severity. 

3. Produce a novel tool for the monitoring of dyspnea, which can assist 

physicians in determining if a patient is in need to direct attention or 

intervention due to dyspnea. 

Note: Some of the research described in this dissertation has been used for the filing of a 

patent with the USPTO. 
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Chapter 2: Methods 

 

Ethical Approval: This study was approved by the University of California, Riverside 

Clinical Institutional Review Board (IRB #22063). Participants were informed of the 

study’s purpose and risks and provided written informed consent in their native language 

(English). The work was conducted in accordance with the Declaration of Helsinki, 

except for registration in a database. 

 

Participant recruitment: Sixty-eight participants were recruited for the study from 

winter 2023 to winter 2025. Of these 68, three were removed due to a failing sensor 

which provided inaccurate data, one participant was removed due to being unable to pass 

the safety testing, and four were removed due to unusable data. These unusable data 

included issues such as excessive sensor noise, a poor air seal on the mask which led to 

being unable to hold treatment conditions to acceptable standards, and unfixable sensor 

misreads such as issues with EKG, pulse oximeter, etc. 60 participants’ data was included 

in the final dataset.  35 women and 25 men with an age range of 18 to 49 years (mean 

23.10 ± 5.83 years).  

 

The study took place at the University of California, Riverside (elevation ~200 meters). 

Participants were recruited from the university as well as the local community through 

flyers and word of mouth. Inclusion criteria included individuals between the ages of 18-

65 who were fluent in English, had no history of cardiovascular or pulmonary disease, 
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were not currently taking any anti-inflammatory medications, were not currently 

pregnant, had no recent travel above 8,000 feet elevation within one month of the 

experiment, and did not smoke regularly (exceptions were made if the participant smoked 

once or twice a year, but was not a regular smoker). Participants did not take 

corticosteroids, aspirin, or other anti-inflammatory medications within 48 hours of their 

visit and were asked to eat a small meal prior to the start of their study appointment. 

 

General survey: A general health and demographic survey was administered after the 

consenting process which involved participants filling out information about their age, 

weight, height, blood pressure, any medications they were taking and background 

questions. These questions consisted of a history of smoking, pregnancy, and ethnic 

background. If participants were unsure of their recent height or weight, a mechanical 

medical scale was used to measure height and weight. Participants completed all surveys 

via Redcap on a computer stationed in the room where the experimental treatments were 

also conducted. The researchers stayed in the room and were available to answer any 

questions the participants had but did not directly observe the participants completing the 

surveys. 

 

Psychological surveys: The State-Trait Anxiety Inventory (STAI) and Multidimensional 

Assessment of Interoceptive Awareness (MAIA) were administered after the general 

survey but before the dyspnea experiments.68,69 The STAI was always administered first 

followed by the MAIA. The scores were counted using the respective survey’s 
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documentation. Participants completed all surveys via Redcap on a computer stationed in 

the room where the experimental treatments were also conducted. The researchers stayed 

in the room and were available to answer any questions the participants had but did not 

directly observe the participants completing the surveys. 

 

To study the difference between baseline anxiety and anxiousness due to a negative 

stimulus, the STAI divides it into two categories with separate questions: trait anxiety and 

state anxiety. Similarly, the MAIA divides interoceptive awareness into eight categories. 

Below is a description of each category: 

• Trait anxiety: The general anxiety level that a person feels in their day-to-day 

life. 

• State anxiety: The anxiety a person feels when there is a negative stimulus that 

triggers anxiety. 

• Noticing: The ability to gain awareness of and be able to properly focus on 

internal stimuli. This can be most closely compared to mindfulness. 

• Not distracting: A person’s inclination not to distract themselves when something 

unpleasant happens. 

• Not worrying: The ability to avoid mental stress when faced with physical 

discomfort 

• Attention regulation: The ability to maintain focus on bodily sensations 

• Emotional awareness: The ability to understand that a specific physical sensation 

leads to a specific emotional response or reaction. 
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• Self-regulation: The ability to control stress by paying attention to the bodily 

sensation 

• Body listening: A person’s inclination to intentionally listen to their bodily 

sensations for possible insights. 

• Trusting: A person’s confidence in the safety and trustworthiness of their body 

sensations. 

 

Safety testing: To ensure that participants were physically eligible to participate in the 

experiments, a spirometry test was done to measure lung function. Participants were 

handed a Hans Rudolph flow meter (model ML1000) attached to a filter (model 

MLA304) and disposable cardboard mouthpiece. They were then instructed to take three 

normal breaths, after which they would perform a maximal inhalation followed 

immediately by a forced expiration at maximum force. The spirometry plugin in 

LabChart 8 (Ad Instruments, Colorado Springs CO, USA) was used to obtain the 

FEV1/FVC ratio. Each participant completed this test a minimum of three times (some 

participants repeated measurements due to mistakes or the need for further instructions), 

and the FEV1/FVC ratio from three high-quality recordings was averaged. In order to be 

eligible to participate, an FEV1/FVC of at least 0.70 was required, indicating the likely 

absence of underlying pulmonary pathology such as asthma. 

 

Dyspnea stimulation experiments: To induce dyspnea, we used a forced end-tidal gas 

method to maintain constant inspiratory PO2 (PIO2) and end-tidal PCO2 (PETCO2) over a 
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four-minute period. This method was modified from a similar protocol used previously 

by our laboratory.70 Using a gas mixer rotameter, O2, N2, and CO2 were manually 

adjusted to maintain target gas tensions at six pre-determined test conditions (Figure 

1A). Trial orders were randomized using Google’s random number generator.71 Each 

participant underwent these six trials in a randomized, participant-blinded order which 

each lasted four minutes, interspaced by four-minute rest periods where the participants 

inhaled room air.  
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Figure 1: Experimental treatments and a representative trace 

 
Footnote 1: (A) Table of experimental treatments in numerical order. (B) Representative 
trace of data collected during experiments. 
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Collection of physiological 

data: Participants were seated 

in a semi-recumbent position 

and fitted with an oronasal face 

mask (7450 Series V2 Mask, 

Hans Rudolph, Cole Palmer, 

Shawnee, KS, USA) attached 

to the semi-rebreathing circuit 

via a two-way non-rebreathing 

valve (Model 2600, Hans 

Rudolph). The experimental 

setup is shown in Figure 2 and 

adapted from an illustration in 

Heinrich et al 2020.70 SpO2 was measured using a Nellcor N600x pulse oximeter 

(Medtronic, Minneapolis, MN, USA) with a finger probe. This pulse oximeter has been 

validated to accurately measure SpO2 at levels as low as 68.5%.72 A three-lead ECG was 

recorded using an ADInstruments (Colorado Springs CO, USA) Bioamp. Partial 

pressures of oxygen (pO2) and carbon dioxide (pCO2) were subsampled from the non-

rebreathing valve directly in front of the mouth. CO2 was measured with an infrared CO2 

analyzer (Model 17630, Vacumed, Ventura, CA, USA) pulling air at a rate of 200 ml/min 

and O2 was measured via a paramagnetic oxygen analyzer (Model 17620, Vacumed) 

pulling air at a rate of 200 ml/min. A respiratory flow head (Model MLT1000L, 

Figure 2: Illustration of the semi-rebreathing forced 
end tidal system used to stimulate dyspnea 

compressed
gas tanks

rotameter gas mixer

vent
(10 L vol.)

2-way valve

non-rebreathing
 valve

o2 co2and
analyzers

EKG probes

N2N2 co2o2

Flow meter

filter

Pulse Oximeter

Footnote 2: Adapted from illustration originally in 
Heinrich et al 2020. 
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ADInstruments) was placed directly upstream of the inspiratory port of the non-

rebreathing valve to measure inspiratory air flow rates.  

 

Analog signals from CO2, O2, SpO2, EKG, and respiratory flow measures were collected 

by an ADInstruments PowerLab 8/30 (model ML870) and output as a digital signal to a 

PC and recorded in LabChart8 pro software (AD Instruments). 

 

To measure self-reported dyspnea severity, participants were either provided with (1) a 

laser pointer and were prompted at the end of each 4-minute experimental and rest 

treatment period to indicate their level of breathing discomfort on a large 1-10 dyspnea 

scale placed directly in front of them, or (2) a knob attached to a linear potentiometer 

which allowed them to give a continuous rating of their breathing discomfort which was 

recorded directly into LabChart. Participants were specifically instructed to rate their 

level of breathing discomfort, and if they asked for further instruction were told to give a 

rating of the severity of unsatisfied breathing or shortness of breath. They were informed 

that a score of zero indicated no presence of breathing discomfort and that ten indicated 

the worst possible breathing discomfort. Statistical analyses (T-test, p = 0.466) were 

conducted to verify that the method of dyspnea identification did not influence the 

severity of the sensation. 

 

Data Extraction: Inspiratory tidal volumes were determined using the spirometry plug in 

on LabChart which utilizes the integral of the inspiratory flow rate. Heart rate was 
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determined from the R-R interval of the ECG channel. Respiratory rates were determined 

by counts of change from negative spirometry flow to positive. Total ventilation was 

calculated from tidal volumes and respiratory rate. Partial pressures of oxygen and carbon 

dioxide were calculated from the respective sensors percentage reading and multiplying 

by the total atmospheric pressure, or 760 mmHg. Physiological biomarker and self-

reported dyspnea score data was extracted from LabChart in 1-minute increments at the 

end of each 4-minute trial. This allowed the participant’s minute ventilation and end-tidal 

gas tensions to equilibrate to the treatment during the first three minutes. Means, 

maximums, and minimum values were gathered for each physiological variable described 

above. 1-minute data periods were also collected at the end of each rest cycle. 

Chemoreflex values were calculated using the equations 

!"# = 	 Δ	"̇!Δ	()*"
 

and  

!+"# = 	 Δ	"̇! 	
Δ	,!#$%"

 

To measure hypoxic ventilatory response, treatments 1 (PIO2 = 149 mmHg, PETCO2 = 45 

mmHg) and 3 (PIO2 = 80 mmHg, PETCO2 = 45 mmHg) were use since both treatments had 

the same target PETCO2, to ensure a change in ventilation due to HCVR did not confound 

the calculation. Hypercapnic ventilatory response was calculated by using treatments 1 

(PIO2 = 149 mmHg, PETCO2 = 45 mmHg) and 2 (PIO2 = 149 mmHg, PETCO2 = 52 mmHg), 

since both treatments shared the same target PIO2. 
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Statistical Analysis 

 

Data pre-processing: All data was checked for outliers visually and via the ROUT 

method. If an outlier existed that was within normal physiological limits, it was kept in 

the dataset. If a data point was outside possible physiological limits (for example a tidal 

volume of 15 liters) the LabChart file was first checked to ensure that incorrect data 

extraction did not occur. Data points that were determined to be outliers due to a 

sampling error or addressable sensor error were re-collected and added to the dataset; 

otherwise, they were removed. Data rows missing values were removed. In total, 9 

participant data were removed due to incomplete data. 

 

Correlations: Data was first tested for normality using the Shapiro-Wilk test. As nearly 

all variables in the data were found to be not normally distributed, Spearman rank 

correlations were used for all correlation analyses. To correct for multiple comparisons, 

Benjamini-Hochberg corrections were done. 

 

Mixed effect models: Mixed linear models were used to investigate multivariate effect 

on dyspnea severity. Models were generated with Python using the libraries numpy and 

pandas for data management, statsmodels for model parameters, and matplotlib and 

seaborn for data visualization.73–78 All models used mean dyspnea severity as the 

dependent variable and the restricted maximum likelihood method of estimating variance 

components due to the imbalanced data. Covariance between random effects was factored 
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in, but interactions between variables was not considered. Random intercept was used. 

The other factors used to generate the models are listed below: 

Model Dependent 

Variable 

Grouping 

Factor 

Random 

Effects 

Fixed Effects 

Chemoreflex Mean 

Dyspnea 

Treatment Participant ID Sex, BMI, Age, 

HVR, HCVR 

Anxiety Mean 

Dyspnea 

Sex PETCO2, PIO2, 

Participant ID 

State Anxiety, 

Trait Anxiety 

Interoception Mean 

Dyspnea 

Sex PETCO2, PIO2, 

Participant ID 

All interoceptive 

awareness 

dimensions 

  

 

Machine learning: All algorithms were developed using the Anaconda distribution of 

packages for python, models were carried out using the Sci-kit Learn toolkit, and models 

were re-validated using the same parameters in R.79 Models included dyspnea severity as 

the supervised label and input variables including sex, BMI, age, and mean, maximum, 

minimum, and standard deviation of the following: end tidal pCO2, inspiratory pO2, heart 

rate, total ventilation, tidal volume, respiratory rate, inspiratory flow rate, and SpO2. 

Dyspnea severity was divided into two categories (present or absent), with a variety of 

cut off points for the categories ranging from a self-reported dyspnea score of two to five. 

Six classification models were chosen to evaluate performance. Cross-validation was 
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done with a 30-70 split of the data for testing and training, respectively. Random forest 

was selected as the top-performing model to evaluate based on precision-recall 

performance results. Below is a list of the models included in the analysis as well as a 

brief description on their core functionality and the parameters that were set during their 

generation for this study: 

• K-Nearest Neighbor (KNN): The KNN algorithm constitutes a non-parametric 

method used for both classification and regression. For a given query point, the 

algorithm identifies the k closest training examples within the feature space based 

on a specific distance metric. In classification tasks, the algorithm assigns a class 

label via plurality voting among the k neighbors, whereas in regression, it 

computes the average of the property values of the neighbors.80 

• Extreme Gradient Boosting (XGBoost): XGBoost is a scalable implementation 

of gradient boosted decision trees (GBDT). Unlike Random Forest, which builds 

trees in parallel, XGBoost constructs an ensemble sequentially. Each new tree 

attempts to correct the residual errors of the preceding ensemble. Systemically, 

XGBoost introduces innovations such as sparsity-aware split finding, which 

learns default directions for missing data, and a weighted quantile sketch for 

approximate tree learning on large datasets.81 

• Support Vector Machines (SVM): SVMs are supervised learning models rooted 

in Statistical Learning Theory and Vapnik-Chervonenkis theory. The fundamental 

objective of an SVM is to identify an optimal hyperplane that separates data 

classes with the maximum possible margin. The data points closest to this 
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decision boundary are termed "support vectors," and the model is defined 

exclusively by these points, offering resilience to outliers. The algorithm solves a 

constrained optimization problem, typically minimizing the hinge loss function 

with a regularization parameter that controls the trade-off between maximizing 

the margin and minimizing classification errors on the training set. 82 

• Random Forest: Random Forest is an ensemble learning method that aggregates 

a multitude of decision trees to mitigate the inherent variance and overfitting 

associated with individual trees. The algorithm operates on the principle of 

bootstrap aggregating (bagging), where multiple trees are trained independently 

on bootstrapped subsets of the data. Crucially, Random Forest introduces an 

additional layer of randomness: at each node split, the algorithm selects a random 

subset of features for consideration. This mechanism decorrelates the individual 

trees, ensuring that strong predictors do not dominate every tree structure, thereby 

reducing the variance of the aggregate model.83 

• Logistic Regression: Logistic Regression is a parametric statistical model used 

primarily for binary classification. It models the probability that a dependent 

variable Y belongs to a specific class given input X. Unlike linear regression, 

which outputs continuous values, logistic regression applies the logistic (sigmoid) 

function to a linear combination of inputs. The core mathematical concept is the 

logit, or log-odds, defined as the natural logarithm of the odds (shown below). 

 

ln	( &
'(&) 
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The model assumes a linear relationship between the input variables and the log-

odds of the event. Parameters are estimated using Maximum Likelihood 

Estimation, which seeks coefficients that maximize the likelihood of observing 

the given sample data.84 

• Naïve Bayes: This classifier is a generative model based on the application of 

Bayes' Theorem. It assigns class labels by calculating the posterior probability 

P(Y∣X) derived from the prior probability P(Y) and the likelihood P(X∣Y). The 

algorithm is termed "naive" due to its strong independence assumption: it 

postulates that all features are conditionally independent given the class variable. 

Even though this independence assumption rarely holds in real-world data, Naive 

Bayes performs surprisingly well, particularly in high-dimensional domains. 

Despite the model confidence being inaccurate due to the independence 

assumption, the classification decision often remains correct.85,86 

Model Parameters 

KNN 

tuned via neighbors considered over range 5 to 30 

weight function = optimal 

distance power = Minkowski 

engine = kknn 

Logistic Regression 

tuned via penalty over range 10-4 to 1 

regularization = lasso 

engine = glmnet 
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Random Forest 

parameters per tree = 1234567	89	:;7<;5=6> 

nodes = minimum 

number of trees = 500 

engine = ranger 

XGBoost 

tuned via learn rate over range 0.001 to 0.1 

trees = 1000 

tree depth = 6 

engine = xgboost 

Naïve Bayes 

smoothness = Laplace smoothing 

engine = naivebayes 

Support Vector 

Machines 

tuned via cost values over range 0.001 to 100 

engine = kernlab 

Note: any parameters not specifically listed were left default. 

 

Physician dyspnea severity rating  

Participants were video recorded from a front-facing and profile view during the 

experiments. 30-second clips were collected and paired with simultaneous screen 

recordings of heart and respiratory rates. A custom MATLAB program was created to 

display the clips one-by-one and prompt the viewer to score criteria of the RDOS. MICU 

and ED physicians and nurses completed these ratings (n =19). Each video was labeled 
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with “presence of dyspnea” if the total RDOS score was equal to or above the threshold 

used. Initial threshold was set to 3. Due to difficulty observing nasal flaring, this criterion 

was removed. 
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Chapter 3: The Role of Ventilatory Chemoreflex Sensitivity in Hypoxia- and 

Hypercapnia-induced Dyspnea Severity During Free Breathing 

 

Introduction 

Despite being a common symptom in hospitalized patients, dyspnea remains challenging 

to identify in many cases.2,44,87,88 Due to the large variations between individuals, as well 

as the wide variation in pathologies and how they affect dyspnea, understanding what 

drives individual variation in dyspnea is paramount for being able to properly identify it 

in real time at the individual level. Understanding what drives variation in dyspnea in a 

healthy population creates a platform upon which a better understanding of dyspnea in 

the context of pathology can be studied. 

 

Prior studies indicate that a variety of factors may contribute to dyspnea severity. For 

example, the partial pressure of arterial carbon dioxide (PACO2) has been found to be a 

major driver of dyspnea.15,89 Lower arterial oxygen levels can also lead to increased 

respiratory drive and subsequent increase in the sensation of breathing discomfort.21,30 

Although hypercapnia is generally considered to be a more potent stimulator of dyspnea 

than hypoxia, some studies have shown that when matched for ventilatory drive, hypoxia 

and hypercapnia lead to similar levels of discomfort.90 
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While a wide variety of factors can contribute to dyspnea severity, focusing on the 

relationship between basic variables such as age, sex, BMI and chemoreflexes is required 

to gain a better foundational understanding of the individual variation seen in dyspnea. 

For example, prior studies have highlighted that dyspnea increases with age in both 

healthy cohorts and COPD patients.91,92 However, these studies use large datasets that 

rely on a patient to inform them of their shortness of breath, and ask about general 

dyspnea or breathlessness. They also tend to bias towards older populations and those 

with chronic cardiovascular or pulmonary pathologies. Collecting dyspnea severity data 

during dyspnea stimulation of a healthy population allows for better investigation of the 

relationship between age and dyspnea. 

 

An individual with higher chemoreflex sensitivity would have a larger ventilatory 

response to hypoxic and hypercapnic conditions, leading to further potential respiratory 

discomfort since higher chemoreflex sensitivity leads to higher respiratory drive, which is 

a primary component of the neural mechanism underlying dyspnea. A study conducted 

on patients with chronic heart failure found that the use of dihydrocodeine (an opioid 

used for suppression of cough) suppressed the participants HVR and HCVR, increased 

their tolerance to exercise and also reduced dyspnea during peak exercise.93 While these 

findings imply that chemoreflex modulation  played a role, dihydrocodeine is a known to 

suppress cough through alteration of activity in the medulla. It is difficult to determine 

from these findings whether the chemoreflex signaling was in fact suppressed, or if the 

results were due to lowered respiratory motor signaling/activation. In another study 
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researchers found that even at early stages of disease progression, Parkinson’s patients 

exhibit reduced HVR and a lower perception of dyspnea compared to a control group.94 

Both of these studies highlight that chemoreflexes play a role in dyspnea severity. 

However further study is needed to understand how differences in chemosensitivity 

between people influences the severity of dyspnea. 

 

Biological sex appears to have a multifaceted relationship with the prevalence of 

dyspnea. In larger studies, women have been shown to be more likely than men to report 

dyspnea.95 While this does not definitively imply that women are inherently at greater 

risk of experiencing dyspnea, it does imply that there may be a difference in the way the 

sensation is perceived in women vs men. However, when comparing dyspnea severity to 

the percentage of maximum ventilation capacity used during the stimulus rather than total 

ventilation, the differences between men and women’s dyspnea diminishes.96,97 Women 

with COPD are more likely to suffer from anxiety and depression compared to their male 

counterparts, which can alter perception of dyspnea.33,96,98 While its exact mechanism and 

interactions with other factors which influence dyspnea are not entirely clear, sex is an 

important factor in dyspnea and requires further study.  

 

Body Mass Index (BMI) is another critical clinical factor which has been found to play a 

role in dyspnea. A study which utilized data from the Third National Health and Nutrition 

Examination Survey (over 16,000 participant samples were used from the dataset) found 

that obese individuals use bronchodilators more frequently, experience dyspnea when 
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walking up a hill more often, and are less likely to perform basic cardiovascular exercise 

such as walking greater than one mile.99 In particular, the prevalence of dyspnea on 

exertion increased as BMI increased. Another study done on a small cohort of men found 

that obese but otherwise healthy men report dyspnea at rest more frequently than men 

with lower BMI.100 Obesity was found to be correlated with lower dyspnea and higher 

peak oxygen consumption during exercise compared to non-obese individuals with 

COPD, suggesting that there may be some effect of BMI which is not yet well 

understood.101 This can potentially be caused due to some reduction in hyperinflation in 

the obese patients from the mechanical differences in obese and normal weight COPD 

patients. It is unclear which aspects of dyspnea BMI may influence outside of lung 

mechanics, and more work is needed to understand the relationship between BMI and 

dyspnea across a range of both BMIs and varied intensities and dimensions of dyspnea 

stimuli.  

 

In this study, I recruited a healthy patient population of men and women across a wide 

range of age and BMI levels and experimentally induced dyspnea through controlled 

modulation of arterial blood gas pressures of oxygen and carbon dioxide while collecting 

self-reported dyspnea severity scores during each treatment. The goal of this study was to 

investigate the relationship between chemoreflex sensitivity, BMI, sex, and age with self-

reported dyspnea during free breathing. I hypothesize that the individual variation present 

in these factors contributes to variation in dyspnea severity given physiologically similar 

conditions. Specifically, I hypothesize that chemoreflexes, age and BMI will have 
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positive correlations with dyspnea severity, and that women will report higher dyspnea 

than men on average within the same stimulus.  

Results 

Univariate Analysis reveals HVR and HCVR are Associated with Dyspnea Severity 

 
Table 1 shows the results of the univariate correlation analysis with dyspnea.  

Table 1: Summary of correlation analysis of individual factors with dyspnea severity 

Footnote 3: Spearman’s rho is represented by "r", p-value by "p", and corrected p value 
by p(BH). 
 
To determine if age, sex, BMI, HVR or HCVR were associated with dyspnea severity, I 

first conducted univariate analyses on each factor. HVR and HCVR were significantly 

correlated to self-reported dyspnea severity under some conditions. HVR was positively 

correlated with self-reported dyspnea under conditions of moderate hypoxia (PIO2 = 80 

mmHg, PETCO2. = 45 mmHg, p = 0.003) and under hypoxic, hypercapnic conditions (PIO2 

= 68 mmHg, PETCO2. = 52 mmHg, p = 0.012) (Table 1, Figure 3). HCVR showed a 
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significant positive correlation with self-reported dyspnea severity during normoxic 

hypercapnic conditions (PIO2 = 149 mmHg, PETCO2. = 52 mmHg, p = 0.017) (Table 1, 

Figure 4). After family-wise adjustment for multiple comparisons only HVR results 

remained statistically significant. Age, and BMI did not show univariate correlations with 

dyspnea severity under any treatment condition (Table 1). No difference was found 

between dyspnea reporting of men and women (Figure 5). 

 

Figure 3: Individual Spearman rank correlation of HVR with dyspnea 

 

Footnote 4: Individual participant data is indicated by blue dots. A linear fit is provided 
for illustrative purposes only. Asterisks indicate statistical significance (p <0.05). 
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Figure 4: Individual correlation analysis of HCVR with dyspnea severity 

Footnote 5: Individual participant data is indicated by blue dots. A linear fit is provided 
for illustrative purposes only. Asterisks indicate statistical significance (p <0.05). 
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Figure 5: Mann-Whitney U test results for sex differences in dyspnea reporting 

 
Footnote 6: Mann-Whitney U test results for sex differences in dyspnea reporting. 
Whiskers represent minimum and maximum, blue line represents mean value, box is 
mean ± SD. 

 
Multivariate analysis reveals age and BMI effects on dyspnea severity 

To determine if age, sex, BMI and chemoreflexes account for a considerable portion of 

the variance in dyspnea severity at fixed gas tensions, I employed a mixed linear model 

as described in the methods section. HCVR, BMI, and age showed significant main 

effects with dyspnea severity (p < 0.001, p = 0.009, and p = 0.031 respectively). 

However, there were no main effects of sex or HVR on dyspnea severity. Figure 6 shows 

a summary of these findings. 
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Figure 6: Demographic and chemoreflex mixed linear model 

 

Footnote 7: The "Coefficient Estimate" as listed describes the units of change of the 
dependent variable (in this case, dyspnea severity) per unit of the variable listed. 

 

Discussion 

Hypoxic and hypercapnic ventilatory responses are positively correlated with 

dyspnea severity: While both hypoxic and hypercapnic stimuli have been shown to be 

involved in dyspnea manifestation, hypercapnia is generally considered to produce a 
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more unpleasant sensation than hypoxia.2,5,15,89 This may explain why there was a main 

effect of HCVR, and not HVR, on self-reported dyspnea severity in the multivariate 

model in our study (Figure 6), despite showing a univariate correlation with HVR. The 

lack of significance of HVR in our multivariate model aligns with recently observed 

phenomenon of “happy” or “silent” hypoxemia, where patients with COVID-19 with 

hypoxemia presented to care centers with relatively low  dyspnea.102,103 It is suggested 

that arterial CO2 remains relatively normal in early COVID-19, so the main active 

chemoreflex is HVR in these patients.103 This suggests that HVR was not a primary 

driver of dyspnea in these patients. Outside of pathology, HVR may have limited 

involvement in the sensation of air hunger even in healthy people. A study done on a 

small group of divers suggests that they end their dive not due to air hunger, but due to 

cognitive changes which they notice.104 This is important because divers have low PaCO2 

due to hyperventilation before diving, so they would not have a strong air hunger 

stimulus HCVR, instead primarily from HVR due to hypoxia. Even with the hypoxic 

conditions of a long dive, the air hunger stimulus was not sufficient to force the dive to 

end. Similarly, Nakano et al investigated how hypoxia affects dyspnea severity using a 

hypobaric hypoxic chamber, and found that hypoxia was not an independent factor in 

dyspnea.105 The results from these studies may suggest that HVR is not a potent stimulus 

for air hunger, which aligns with our univariate findings that HVR does not correlate with 

dyspnea severity during severe hypoxia (PIO2 = 68mmHg, p(BH) = 0.119), although it 

does not explain why our moderate hypoxia (PIO2 = 80mmHg, p(BH) = 0.021) stimulus 

showed a significant trend.  
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Other studies show more mixed results. Onodera et al found that in early stages of 

Parkinson’s disease normal HCVR was found, but HVR was lower than the control.94 

These patients experienced significantly reduced dyspnea during hypoxic tests compared 

to control, but only a slight decrease in dyspnea during hypercapnic tests which was not 

found to be significant. However, it must be noted that the samples size was relatively 

small and the p value for the difference in dyspnea under hypercapnic conditions was 

nearly significant (p = 0.065). While chemosensitivity to hypoxia may still play a 

significant role in air hunger in some cases, our findings suggest that the primary 

chemoreceptor signaling which triggers the unpleasant sensation of air hunger in free 

breathing individuals is HCVR. 

 

Dyspnea severity at controlled arterial PO2 and PCO2 tensions does not differ across 

healthy men and women during free beathing: No sex differences in dyspnea severity 

are observed in our study (Figure 5). Similarly, Cory et al. (2015) looked at sex 

differences in dyspnea severity reporting of active, healthy participants during exercise. 

While there was a sex difference in dyspnea intensity at equal work rates and total 

ventilation rates, these sex differences disappeared when they looked at the relationship 

between dyspnea intensity and the fraction of maximal voluntary ventilation used.97 They 

also reported that female participants took shorter, shallower breaths than the males, 

which may be attributed to their heightened sensation of breathing discomfort. This 

highlights that sex effects in exercise related dyspnea are diminished when the 
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physiological differences are accounted for. Interestingly, while there was no difference 

in dyspnea reporting close to rest and at maximum work rates and minute ventilations, 

the female group reported higher dyspnea during moderate work rates and ventilations. 

This study’s findings are largely in line with the present study, as our multivariate model 

also found no sex effect. However, it must be noted that the method of dyspnea 

stimulation was different, primarily relying on work/effort, and this does not mean that 

differences in other factors (such as chemosensitivity) could not modulate air hunger 

related dyspnea severity. Despite the lack of sex-specific findings in our study, clinical 

data exists showing evidence for a sex affect in dyspnea and dyspnea reporting. In 

patients with COPD, women have generally expressed greater dyspnea both at rest 

(general reporting) and during exercise.96,98 While these observations seem to be caused 

by physiological differences between men and women, they may also be due to the 

method of dyspnea stimulation. Many of the studies provided use work/effort based 

reporting, and there is less data on differences in chemosensitivity between men and 

women reporting dyspnea. 

 

Determining the role of age in dyspnea severity requires a more chronologically 

diverse participant population: While our univariate analysis found no correlation 

between age and dyspnea severity, our multivariate model found age to have a weak 

negative association with dyspnea severity. This is in contrast to some of the existing 

literature, which demonstrates that age has a positive correlation with dyspnea 

prevalence.2,33,106 Age was also reported to be positively correlated with dyspnea during 
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exercise, even at relatively moderate intensities.107 It is important to note that the age 

diversity in our study cohort was relatively small and within a young range, meaning we 

did not gather data within the ranges where clinical differences are found. Generally 

speaking, the age-related changes in dyspnea within the cited studies are reported within 

populations that greater than 65 years old, exceeding the age distribution of our study 

cohort.12,91 More data must be collected before any conclusive comparisons can be made 

in this regard. 

 

High BMI may lead to higher dyspnea severity: We found no univariate correlation 

between BMI and dyspnea severity. However, our linear model revealed a slight 

inclination for individuals with higher BMI to experience more severe dyspnea. This 

seems to mainly align with clinical findings, where high BMI is generally associated with 

higher dyspnea severity, both at rest and during exercise.33,91,99,100 Most studies show this 

relationship during pathology or during exercise, which is not directly comparable to air 

hunger stimulation. Here we provide evidence that BMI plays a role in air-hunger driven 

dyspnea severity.  

 

Limitations 

The primary limitation which much be addressed is that some participants self-reported 

their height, weight, or both. While participants were informed that their height and 

weight could be measured if they were uncertain, this does not remove the potential 

errors that could have been caused by misreporting these values 
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Conclusion 

Chemoreflex, and particularly HCVR, is one of many variables which drives dyspnea 

severity in free breathing adults. Age and BMI seem to also play roles in the 

manifestation of dyspnea severity in healthy adults. Due to the multivariate nature of 

dyspnea and the nuances of the patient condition (particularly in clinical settings, outside 

of the lab), it is critically important to consider and investigate the relationships of the 

other variable on dyspnea severity to develop a better foundational understanding of what 

drives dyspnea its three dimensions. More research is needed to finalize a conclusive 

foundational model for dyspnea severity.  
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Chapter 4: Anxiety and Interoceptive Awareness are Linked to Dyspnea in Free-

Breathing Individuals 

 

Introduction 

Dyspnea is a highly distressing, unpleasant, and threatening sensation, capable of 

summoning a primal fear response.21 Patients describe experiencing thoughts of 

impending death, intense fear, and panic during episodes of acute dyspnea.37,108 

Unidentified or inadequately addressed dyspnea generates feelings of helplessness, 

frustration, and fear, which are significant contributors to post-traumatic psychological 

consequences.38 This is particularly evident in critically ill, mechanically ventilated 

patients in intensive care units (ICUs), where dyspnea is a major stressor leading to "dark 

respiratory recollections" and a heightened risk of post-traumatic stress disorder (PTSD). 

The subjectivity of dyspnea means that its severity and qualitative characteristics vary 

considerably among patients. The self-reported intensity of dyspnea often correlates 

poorly with individual objective physiological measures of underlying disease 

severity.1,2,46,58,109 Earlier studies found that even multivariate predictive models of 

dyspnea severity only accounted for a small amount of the variance in self-reported 

dyspnea scoring within specific patient populations, such as those with advanced 

cancer.110 This incongruity may be attributable to the influence of psychological factors 

on the perception and experience of dyspnea, extending beyond the physiological and 

pathological underpinnings. 
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The neural basis of dyspnea involves activity in the brainstem, cortex, and limbic system. 

Functional imaging studies demonstrate that both air hunger and increased resistive loads 

leading to increase work/effort correlate with activations in cortico-limbic areas, 

including the insular cortex, anterior cingulate cortex, and amygdala.4,34 These regions 

are also implicated in interoception and nociception, suggesting shared processing 

pathways for aversive bodily sensations. Attentional focus also plays a critical role. 

While attentional distraction can reduce the affective dimension of dyspnea, 

hypervigilance towards respiratory sensations can amplify dyspnea perception.33,92,111 

This highlights the central role of emotional processing in the subjective experience of 

dyspnea. 

 

While many studies have investigated the physiological and neurological correlates to 

dyspnea severity, further research is needed to elucidate how a person’s psychological 

state alters their dyspnea perception.2,15,34,111–113 Specifically, there is a gap in 

understanding how psychological metrics such as anxiety and interoceptive awareness are 

correlated to dyspnea severity in healthy, free breathing individuals. This understanding 

would clarify the importance of collecting this information in the clinical setting, as it 

could inform clinicians the risk of a patient experiencing severe dyspnea, and the nature 

of the intervention required to alleviate it.  With a deeper understanding of the 

contribution of mental state on dyspnea severity, monitoring and treatment for dyspnea 

can be more personalized, and future monitoring systems can account for person’s 

anxiety to potentially make more accurate predictions. In this study, we investigated the 
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interoceptive and emotional processing of individuals experiencing dyspnea to find links 

between these qualities and dyspnea severity. I hypothesized that anxiety and detrimental 

interoceptive awareness qualities would be positively correlated with dyspnea severity, 

positive interoceptive awareness qualities would be negatively correlated with dyspnea 

severity. 

 
Results 

State anxiety correlates with self-reported dyspnea in hypoxic and hypercapnic 

conditions, but not when combined 

To determine if state anxiety traits were associated with self-reported dyspnea severity in 

response to hypoxia and/or hypercapnia during free breathing, I first looked at univariate 

relationships between anxiety and interoceptive awareness with dyspnea severity. Figure 

7 shows the relationship between state anxiety and dyspnea severity under each hypoxic 

and hypercapnic stimuli.  

 

State anxiety score was positively correlated with dyspnea severity during all treatments 

except for the combination of hypercapnia and hypoxia seen in treatment 6 (PETCO2 = 52 

mmHg, PIO2 = 68 mmHg). However, after correcting for multiple comparisons this 

correlation only remained significant under treatment 1 conditions (PETCO2 = 45 mmHg, 

PIO2 = 149 mmHg), (r = 0.424, pBH = 0.043). However, state anxiety does follow a 

moderate trend with dyspnea severity for all treatments and remains within one-one-

hundredth of our significance threshold (p = 0.05) with the exception of the results from 
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treatment 6 (PETCO2 = 52 mmHg, PIO2 = 68 mmHg). There was no difference between 

men and women in state anxiety reporting (t-test, p = 0.276). 

Figure 7: Spearman correlation of state anxiety vs dyspnea severity 

 

Footnote 8: Asterisks represent statistical significance, red line is for illustration and 
visualization purposes only. State anxiety shows a positive trend with dyspnea severity 
but is only significant in treatment 1 after p-value corrections. 

 

Trait anxiety is correlated with dyspnea severity 

Unlike state anxiety, trait anxiety was significantly correlated to dyspnea severity across 

all treatments after correction for multiple comparisons. Figure 8 shows the results of the 

spearman correlations separated by treatment. There was no difference between men and 

women in trait anxiety reporting (t-test, p = 0.425). 
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Figure 8: Spearman correlation of trait anxiety vs dyspnea severity 

 

Footnote 9: Asterisks represent statistical significance; red line is for illustration and 
visualization purposes only. All treatments showed a significant positive relationship. 

 

Interoceptive awareness and self-reported dyspnea 

To determine if interoceptive awareness traits were related to self-reported dyspnea 

severity in response to hypoxia and hypercapnia in free breathing people, I used 

spearman correlations using mean dyspnea as the dependent variable. No interoceptive 

awareness variables were individually correlated with dyspnea severity. Sex differences 

were found in the reporting of the “not distracting”, “not worrying”, “attention 

regulation”, and “trusting” dimensions of interoceptive awareness (t tests, p = <0.001, 

0.021, 0.030, 0.010, respectively). Since there was a significant effect of sex on several 
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interoceptive awareness traits, I then evaluated the impact of these traits on dyspnea 

separately within sex groups using spearman correlations. Here we found that male 

participants had a significant negative correlation between attention regulation and 

dyspnea severity during normoxic, hypercapnic conditions (pO2 = 149, pCO2 = 52), (r = -

0.707, p(BH) = 0.013). No other treatment conditions showed significant correlations for 

men nor women between interoceptive awareness dimensions and dyspnea severity. 

 

Multivariate analysis reveals effect of interoceptive awareness dimensions on self-

reported dyspnea severity 

To determine the role of the psychological variables on dyspnea severity while 

accounting for sex, individual variation, and gas tensions (PETCO2 and PIO2), I analyzed 

two multivariate models: one for anxiety and one for interoceptive awareness. When 

testing anxiety variables and adjusting, many of the trends remain the same. In our mixed 

linear model, state anxiety was not related to dyspnea severity. However, trait anxiety had 

a significant effect on dyspnea severity (Coefficient = 0.06, p = 0.042). Figure 9 contains 

the full results of the analysis. 

 

Unlike the univariate analysis, the mixed linear model showed that several dimensions of 

interoceptive awareness have an effect on dyspnea severity. Attention regulation, 
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emotional awareness and self regulation all had significant effects (p < 0.001, p = 0.004, 

p = 0.004, respectively). Figure 10 shows the results of this model.  

 

Figure 9: Mixed linear model for anxiety vs dyspnea severity 

 

Footnote 10: The lines through the bars represent the 95% confidence intervals, asterisks 
represent significance. 
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Figure 10: Mixed linear model for interoceptive awareness vs dyspnea severity 

 

Footnote 11: The lines through the bars represent the 95% confidence intervals, asterisks 
represent significance. 

 

Discussion 

 
Dyspnea severity increases with elevated trait anxiety 

 Previous studies found links between dyspnea and anxiety. For example, COPD patients 

with anxiety report higher dyspnea and a greater impact of  breathing problems on their 

quality of life compared to COPD patients without anxiety. 36,113 While it is not possible 
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to separate the contribution of state and trait anxiety in those clinical experiments, the 

STAI has been found to be generally correlated with other anxiety indices such as the 

Taylor Manifest Anxiety Scale and the Cattell and Scheier's Anxiety Scale 

Questionnaire.114  However, there are important factors to consider such as the 

psychological impact of COPD. Patients with COPD in these studies also showed a fear 

of dyspnea, likely due to negative experiences with breathlessness which is typical of the 

pathology. Our healthy participants were unlikely to have this pre-conditioned fear of 

dyspnea. As we did not collect a history of our participants’ previous experiences with 

breathlessness, we were not able to make a comparison of participants with and without 

possible fear of dyspnea. It is important to note that we used air hunger in our study 

which may have a different psychological impact than work effort. More research is 

needed to make proper comparisons between studies. Despite the limitations, our data 

aligns with the clinical findings that elevated anxiety leads to elevated dyspnea severity, 

and trait anxiety may be a good marker for understanding an individuals’ pre-disposition 

towards dyspnea of a high severity. 

 

The combined stimulus of hypercapnia and hypoxia increases the number of participants 

experiencing a dyspnea severity greater than zero. This trend can be seen in Figure 6. It 

is particularly noticeable in the participants with somewhat lower trait anxiety. This 

suggests that there may exist an air hunger stimulation threshold at which point trait 

anxiety no longer positively correlates to dyspnea severity, meaning that individuals with 

and without anxiety would feel similar levels of discomfort. It may also be due to a 
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plateau in the effect of trait anxiety on dyspnea severity as the stimulus increases, but this 

is difficult to determine in the current study due in part to the lower sample size of 

individuals with high trait anxiety and the limitations of the six treatments. Further study 

is needed to determine potential mechanistic reasons for these observations. 

 

High “emotional awareness” and “self regulation” lead to increased dyspnea 

severity; High “attention regulation” leads to lower dyspnea 

While a variety of studies have concluded that brain regions involved in awareness are 

activated during dyspnea manifestation, there has been a gap in studies which were able 

to quantify this relationship outside of imaging analysis. There is some evidence that 

attentional distraction can reduce the perception of dyspnea, but not the intensity.27 This 

aligns with our findings, as the not distracting category showed no significant 

relationship with dyspnea severity. Our study suggests that the “emotional awareness” 

and “self regulation” dimensions of interoceptive awareness have a positive association 

with dyspnea. The result is somewhat expected for “emotional awareness” since this 

dimension is a metric of one’s awareness of how their emotional state affects their body, 

with questions focused on how positive experiences cause positive changes in bodily 

sensations and how it can change negatively when they have a negative emotion (the 

questions specifically mention anger and “when something is wrong”). However, “self 

regulation” is a measure of reducing or controlling negative sensations. Upon closer 

inspection, the questions regarding “self regulation” focus on calming oneself through 

awareness of the body and specifically breathing. These qualities had the opposite of their 
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intended effect in this case, where additional attention to the participant’s breathing as a 

method of comfort only brought more discomfort since that was their main stressor. 

 

While scores for “not distracting”, “not worrying”, “attention regulation” and “trusting” 

were different across sexes, these differences did not manifest in significantly different 

relationships to dyspnea severity within sex groups. The one exception was “attention 

regulation”, where men showed a significant negative correlation with their scores and 

self-reported dyspnea severity during normoxic hypercapnic (PIO2 = 149, PETCO2 = 52) 

conditions only. In all other treatments men showed a negative trend, while women had 

no noteworthy trends across treatments (correlation coefficients of -0.1 or less). For some 

interoceptive dimensions where no significance was found in the univariate analysis, 

there was often a pattern where male and female participants displayed different trends 

between their interoception scoring and their self-reported dyspnea scores. This is most 

notably seen in “not worrying”, where there was a general negative trend with dyspnea 

severity for male participants, and a positive trend for females. Figure 11 shows the 

comparison between sexes for this interoceptive awareness dimension. 
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Figure 11: Sex differences in correlation trends for attention regulation 

 

Footnote 12: Spearman’s rho is represented by "r", p-value by "p", and corrected p 
value by p(BH) 
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Limitations 

While we did our best to ensure that participants were calm and well prepared before 

participating in our study, entering an experiment of this nature is inherently stressful. 

The combination of fear and anticipation/catastrophizing which could have occurred 

before the start of the experiment, and throughout, was only controlled for during 

experiment administration, and not through additional data collection on these factors. As 

with all surveys there is also the limitation of errors in self-reporting to be considered. 

 
 

Conclusion 

Dyspnea is the unpleasant sensation of unsatisfied breathing commonly experienced in 

the hospital setting. While the consequences of dyspnea on the psychological well-being 

of patients are well documented, the role that a patient’s psychological state plays on 

dyspnea severity is less understood. We found that trait anxiety is positively correlated to 

dyspnea severity. We also found that various dimensions of interoceptive awareness are 

correlated as well. Sex effects were found in interoceptive awareness reporting from 

participants. However, the only significant change shown was for attention regulation 

during normoxic hypercapnia (PIO2 = 149, PETCO2 = 52), where male participants showed 

a significant negative correlation with dyspnea severity which was lost when the two 

sexes data were combined. Anxiety and interoceptive awareness are important aspects of 

peoples’ experience and perspective on dyspnea and should be investigated further as 

sources of variation in dyspnea manifestation and self-reporting. 
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Chapter 5: A Machine Learning Approach to Predicting Dyspnea with Noninvasive 

Biomarkers 

 
Introduction 

 

As explained previously, dyspnea is considered highly subjective and when left 

untreated, can produce profound patient suffering.17,46,108,115 Dyspnea causes delays in 

extubation in mechanically ventilated patients, and is correlated with an increase in 

noninvasive ventilation failure, generally leading to worse outcomes.116 It can also cause 

lingering damage to psychological health well after physiological symptoms have 

subsided, and hospitalized patients who experience severe dyspnea are at high risk of 

developing depression, anxiety, or PTSD-like symptoms after their 

hospitalization.33,38,108,117,118 As such, identifying and addressing it as quickly as possible 

is of high clinical value. 

 

In the past decades, much progress was made in our understanding of the 

pathophysiology of dyspnea. Several qualitatively distinct sensations contribute to this 

symptom, including work of breathing, chest tightness or bronchoconstriction, and “air 

hunger” or unsatisfied inspiration.2,15,58 These sensations are driven by several neural 

inputs which modulate respiratory drive, including information from chemoreceptor 

stimulation, chest wall mechanoreceptors, and vagal C fibers.5,15,16,20,119 Dyspnea occurs 

when there is a mismatch between the expected result of central neural output and the 

actual perceived airflow or ventilation.2,5  
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Despite the widespread presence of dyspnea and its significant impact on patient quality 

of life, the detection of dyspnea in the hospital setting continues to be challenging. 

Current methods of detection, such as the respiratory distress observation scale (RDOS), 

rely heavily on subjective measures (such as look of fear) and observations that can be 

masked due to patient condition or medications administered (such as grunting and nasal 

flaring).14 Furthermore, healthcare providers often “woefully” underestimate dyspnea 

severity based on observation alone.37,41,58,59,120 In many cases, patients may be unable to 

communicate their discomfort, leading to unrecognized patient suffering.46 It is likely that 

this disparity is due to the complex, multivariate nature of dyspnea, as well as individual 

variation in how patients experience, display, and describe their discomfort.  

 

There is an urgent need for a clinical tool to improve detection of dyspnea and 

continuously monitor this symptom. Such a tool would empower physicians with novel 

information about patient discomfort and indicate when interventions are needed. To 

address this need, we aimed to determine if self-reported dyspnea severity can be 

accurately predicted using noninvasive biomarkers. To accomplish this, we 

experimentally stimulated dyspnea while measuring several easily monitored 

physiological factors and used a machine learning approach to create a model to predict 

self-reported dyspnea severity using these biomarkers as inputs. We hypothesized that 

self-reported dyspnea could be accurately predicted with these simple biomarkers and 
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that this model would score higher on performance metrics such as precision and recall 

than healthcare providers’ observational estimates.  

 

Some of the results of these studies have been previously reported in the form of 

abstracts.121,122 

Results 

 
Dyspnea severity as a function of gas treatments: 

Self-reported dyspnea severity differed significantly across the 6 experimental treatments 

(main effect: F (6,582) = 136.5, p < 0.001) (Figure 12). These differences were driven by 

significant main effects of both PIO2 (F (2,584) = 47.4, p < 0.001) and PETCO2 (F (2,584) = 

142.7, p < 0.001). There was substantial variation in self-reported dyspnea severity across 

participants even under the same experimental treatments (Figure 12, Table 2).  This is 

not driven by variance in the achieved pO2 and pCO2 treatment levels using the end-tidal 

forcing system. We achieved our target gas tensions within an average standard deviation 

inter-trial of ± 1.1 mmHg and intra-trial of ± 0.6 mmHg for PETCO2, and inter-trial of ± 3.0 

mmHg for and intra-trial of ± 2.6 mmHg for PIO2 (Figure 13). Actual end-tidal pCO2 and 

pO2 values were utilized in machine learning models rather than grouping by treatment. 



60 

 

Figure 12: Dyspnea increases as air hunger stimulation increases 

 

 

Table 2: Summary of variance in self-reported dyspnea throughout experimental 
treatments 
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Figure 13: Groupings of treatments 

 

 

 
Efficacy of traditional individual biomarkers: 

Table 3 provides a summary of the independent effects of key biomarkers on mean 

dyspnea severity under each treatment via a mixed linear model which considers age, sex, 

BMI, PIO2 and PETCO2 as covariates. All biomarkers except SpO2 show significant main 

effects.  
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Table 3: Summary of effects of biomarkers when applied as fixed effects independently in 
a mixed linear model with age, sex, BMI, PIO2 and PETCO2 as covariates 

 

 
Selection of cut-off for binary classification of dyspnea during model training: 

NRS scores of two through five were tested separately as cut-off points for classification 

due to the variety of cut-off points utilized in prior studies, though cut-offs of three to 

four are generally recommended for distinguishing moderate discomfort from mild/lack 

of.123,124 A cut-off of three was ultimately selected based on highest performance. Table 

4 summarizes model performance across the various thresholds. PCA analysis shown in 

Figure 14 also indicates more clear division of groupings with a dyspnea score greater 

than or equal to three. 
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Table 4: Summary of Random Forest performance using a variety of dyspnea severity 
scores as the cut off between "not dyspneic" and 'dyspneic" 

 

 

Figure 14: PCA analysis of biomarkers vs dyspnea severity 

 

 

Categorical prediction models: 

All models performed with high accuracy; Figure 15A shows the testing results of all 

models. Area under the receiver operating characteristic curve (ROC-AUC) values were 

highest for the KNN (0.926) and random forest model (0.923) with all models performing 

with ROC-AUC values above 0.85.  Due to the imbalanced nature of the results (presence 

of dyspnea severity ≥3 was less common), area under the precision-recall curve (PR-

AUC) values were also calculated (Figure 15B). Random forest performed the best with 
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an PR-AUC of 0.832, with the nearest competitor being SVM at 0.809. Since the random 

forest model demonstrated highest performance, it was chosen as the focus of subsequent 

analyses. Figure 15C provides feature importance scores for the top ten biomarkers 

within the final random forest model. Standard deviation of flow rate, mean total 

ventilation and mean inspiratory flow rate were the top three features in this model. 

Beyond the top three features there is an initial sharp decline in feature importance, and 

the remaining features in the top 10 exhibit similar levels of importance. Figure 16 

shows an example visualization of one of the trees in the model. 

 

In a separate analysis, we sought to verify if the final random forest model’s performance 

was biased across sex groups. To do this, we tested the final model separately on test 

datasets derived only from male or female participants. We found no significant 

difference in performance for the prediction between sex groups (Male: precision = 

0.980, recall = 0.909, F1 = 0.943; Female: precision = 0.915, recall = 0.974, F1 = 0.943; 

p = 1).  

 

Next, we determined the threshold on the predicted probabilities for classification 

(Figure 15D). A threshold of 0.42 lead to the highest F1 score (0.805). Identifying 

patients who have dyspnea (positive result) is of key importance, so further experiments 

and clinical verification is needed to determine the ideal threshold balance between 

precision and recall in this application. For example, recall can be improved if the 
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classification threshold is further reduced, at the expense of precision, which may be of 

value in an ICU setting where false negative estimates are harmful. 

 

Figure 15: Results from machine learning algorithm performance analysis. 

 

Footnote 13: (A) ROC performance showed KNN as top model with random forest close 
behind (B) Precision-Recall performance shows random forest as top performer (C) Top 
10 features used by the model to predict dyspnea (D) Precision Recall performance 
across entire threshold range, intersect is used to determine ideal performance. 
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Figure 16: Visualization of a decision tree within the random forest classifier 

 
Footnote 14: Only the first two nodes beyond the root are shown in illustration, but the 
decision tree can extend beyond as needed to complete the classification task. Gini tracks 
impurity of the node, where a score of zero indicates a pure node (all samples are of the 
same category) and 0.5 indicates a completely impure node, where there is an equal 
distribution of both classification categories.  
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Physician and nurse performance: 

Physicians and nurses performing RDOS scoring on participants from the machine 

learning dataset achieved an accuracy of 58.82% using standard thresholds. The standard 

threshold of  ≥ 3 was used for the RDOS, but a variety of self-report cut-offs were 

tested.125 Table 5 shows the confusion matrix and overall physician performance. 

Notably, recall rate was alarmingly low and was the primary reason for loss in accuracy. 

Recall performance did not improve across a variety of self-reported dyspnea score cut 

offs, although precision did improve markedly as the cut off was decreased. F1 and 

accuracy scores remain largely unchanged across all cut off points. As literature has 

expanded in recent years on the use of the RDOS and it has been adapted to various 

applications with changes in scale and cut off points, we also tested performance across a 

variety of RDOS thresholds.44,56,126 Table 6 shows the complete set of performance 

results. Generally, decreases in the RDOS threshold greatly increase recall with minimal 

loss of precision.  

 

Table 5:Confusion matrix showing physician performance using a variety of self-reported 
dyspnea cut offs and standard RDOS scoring. 
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Table 6:Hypothetical performance of physician scoring of dyspnea using RDOS across a 
range of dyspnea cut offs and RDOS thresholds 

 

 

 

 
Discussion 

Individual variation in hypercapnia and hypoxia-induced dyspnea during free 

breathing: 

Our data demonstrated that both end-tidal pCO2 and inspired pO2 levels were associated 

with self-reported dyspnea severity in free-breathing healthy individuals (Figure 2). 

These data support prior findings that hypoxia and hypercapnia induce dyspnea.15,16,30,90 

While our experimental treatments were effective in stimulating significant dyspnea in 

this population, we note that there was substantial variation in severity across participants 

under the same treatment conditions. In contrast, self-reported dyspnea severity is more 

severe and less variable across individuals in other studies utilizing fixed ventilation 
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protocols.42 This may be due to several factors, including feedback from lung 

mechanoreceptors during larger tidal volumes in voluntary spontaneous breathing, 

alleviating some of the dyspnea stimulus. Based on these differences in dyspnea severity 

in free breathing individuals versus those experiencing fixed tidal volumes and/or 

frequency, future work will be required to validate our models in clinical populations to 

facilitate translation.   

 

Predictive power of single biomarkers: 

Our findings are consistent with prior work showing significant relationships between 

select individual biomarkers and dyspnea severity. Tachypneic breathing is often viewed 

as one of the main indicators of dyspnea, and is one of the scored criteria on the RDOS 

showing the highest predictive value.127 This link is clear in previous experiments by 

Izumizaki et al. (2011) who show that the threshold for dyspnea is positively associated 

with the threshold for increases in respiratory rate during CO2 rebreathing.128 

Additionally, heart rate shows modest correlations with dyspnea severity in both 

Campbell’s original RDOS work and our current study.127 Tidal volume and minute 

ventilation were included as biomarkers in our study but are not included in the RDOS. 

Interestingly, tidal volume had the largest predictive value in our study, which supports 

work by many others demonstrating the large independent impact of tidal volume on 

dyspnea in ventilated patients, with low-tidal volume and permissive hypercapnia often 

favored to prevent lung injury but leading to increased patient discomfort.24,129  While 

each of these single biomarkers provide predictive value, more complex models which 
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capture nonlinear trends and multivariate relationships between biomarkers can provide 

improved predictive value across a variety of pathologies.  

 

Dyspnea is accurately predicted using machine learning: 

We show that dyspnea can be accurately identified using machine learning models and 

that this approach may produce more accurate estimations of self-reported dyspnea than 

human estimates via visual observation. Beyond the benefit of high recall and thus 

reducing false negative estimates, this model can provide continuous monitoring and 

notify healthcare providers when patients require intervention, particularly in-between 

routine check-ins when self-reported dyspnea can be obtained.  

 

In recent years, several groups have found that other subjective sensations such as pain 

can be predicted using a variety of input variables.60–62 Our findings align with this prior 

work, further suggesting that subjective sensations can be monitored or predicted using 

quantifiable inputs. These predictions are robust even given their relationship with 

psychological factors such as anxiety. We hypothesize that this is because anxiety 

modulates the input biomarkers in a predictable way and that underlying effects of 

anxiety on dyspnea are therefore captured.130,131 Robust, reliable prediction of subjective 

sensations such as pain and dyspnea across a variety of patients and pathologies can 

improve patient outcomes and reduce suffering, particularly in patients with 

communication barriers. 
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Healthcare professionals under-estimate dyspnea severity: 

Despite the variety of self-reported cut-offs and RDOS thresholds tested, performance 

metrics for visual estimates of dyspnea were less accurate than our predictive model at 

distinguishing significant dyspnea. Precision performance between healthcare providers 

and our model were remarkably similar. However, the healthcare provider observational 

estimate recall was consistently lower. This indicates great certainty in the positive 

results from using the RDOS, but a general underestimation of patient dyspnea, and a 

large proportion of false negative estimates. In these cases, patients with less severe 

dyspnea, and those who show less obvious signs, may be left with unmanaged dyspnea. 

Lowering the threshold of the RDOS from scores of three to two dramatically increases 

recall (Table 6) with minimal loss of precision, leading to F1 and accuracy increases. 

This indicates that RDOS may be more beneficial for detecting any presence of dyspnea 

rather than a specific threshold to indicate moderate dyspnea or other varied intensities. 

This supports recent work by Aikawa et al. (2024) who demonstrate that the RDOS, IC-

RDOS, and MV-RDOS can predict the presence of dyspnea with moderate accuracy, but 

is limited in its ability to discriminate severity, although work by Zhuang et al. (2018) 

show the RDOS can perform fairly well in discriminating moderate to severe dyspnea in 

palliative care patients.44,132 Aikawa et al. also demonstrated that lowering the cut off 

point for the RDOS was required to increase its performance, supporting our findings.  
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Limitations 

It is important to note that our current model was trained and tested with data from young 

participants without significant cardiovascular or pulmonary disease. Our dataset also 

includes only hypercapnia and hypoxia-induced dyspnea stimuli. Therefore, further 

studies must be done to include data across additional dimensions of dyspnea such as 

fixed ventilation patterns, airflow resistance, and check wall tightness. There may also be 

time-dependent impacts as our dataset includes 4-minutes of dyspnea stimuli so the 

effects of inspiratory muscle fatigue are not considered. Further studies should also verify 

the application of predictive multi-biomarker models for diverse patient populations 

exhibiting heightened airway resistance, chest wall restrictions, and other limitations and 

medical interventions which may modulate dyspnea severity (e.g. sedation and 

neuromuscular blockade). 

 

One other limitation of our study was the inability to score nasal flaring in video 

recordings due to the use of opaque oronasal face masks. While the probability that this 

feature alone would have significantly impacted performance of observational estimates, 

and many adaptations of the RDOS exclude nasal flaring as a grading criterion, our 

findings should be interpreted in the context of this limitation. 

 
 

Conclusion 

 
Machine learning is an excellent solution for the monitoring of subjective symptoms 

which manifest in measurable physiological biomarkers. Predictive models such as ours 
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can be extracted and used as a lightweight addition to existing monitoring software or as 

standalone with a small, low power computer. Machine learning methods allow for the 

use of many variables to be considered simultaneously in a way that is difficult or 

impossible to do for unassisted humans. The application of machine learning to 

monitoring technologies such as those for identifying dyspnea also allows continuous 

monitoring between in-person patient visits. Future work will prioritize extending the 

current predictive model to include additional dimensions of dyspnea and validation in 

diverse clinical populations. 
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Chapter 6: Concluding Remarks 

 

In summary, dyspnea is a subjective and multivariate symptom prevalent in the ICU and 

other healthcare settings. While it is common for patients with pulmonary pathologies, it 

is present in a wide variety of pathologies and conditions, both chronic and acute. It poses 

a major risk to the physical and psychological well-being of patients. Those who have 

experienced severe dyspnea during a hospital stay frequently remember it as one of the 

most negative aspects and can develop PTSD-like symptoms due to the lasting mark it 

leaves. It increases the likelihood of a ventilated patient to fail weaning off the ventilator, 

increases risk of hospital re-admission for COPD patients, and increases chances of death 

in the ICU. All this highlights that due to the negative impact dyspnea has on patient 

outcomes, proper identification is critical. Large efforts have been made to generate a 

standardized method for the assessment of dyspnea by healthcare professionals, which is 

critical for patients who are not able to directly communicate their discomfort 

themselves. The Respiratory Distress Observation Scale allows healthcare professionals 

to quickly assess the level of breathing discomfort of their patients and has been shown to 

be a valuable tool for clinicians. From the work of others, as well as the data presented in 

this dissertation, it is clear the RDOS can work well for identifying dyspnea but has 

shortcomings which can lead to some patients’ needs being unaddressed. Namely, it 

struggles with the variety of ways dyspnea can present, including in sedated patients or 

those with limited neuro-muscular activity, since many of the visual signs of dyspnea are 

masked in these cases.  
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In this dissertation, I investigated demographic, physiological and psychological 

variables’ relationships with dyspnea severity. I found that while some of these variables 

do have independent relationships with dyspnea severity, they serve better as small pieces 

in a larger, multivariate model. Using machine learning algorithms to classify the data, I 

was able to achieve high levels of accuracy for discerning between no/low dyspnea and 

moderate/severe, providing a good intensity at which to seek intervention. The algorithm 

was able to significantly outperform physicians and nurses who assessed the participants 

from the same dataset, albeit with a slight limitation. I also showed that healthcare 

providers using the RDOS can perform nearly as well as these algorithms when the 

threshold for a positive dyspnea score is decreased, meaning the RDOS functioned better 

(in this dataset) as a detector of moderate and above dyspnea when any signs of dyspnea 

were noticed by the healthcare provider, rather than multiple. Based on my findings, 

using a lower threshold in the clinical setting should improve patient outcomes while 

minimizing risks due to the lower risk of harm associated with giving a patient who may 

be identified as a false positive additional care, while dramatically increasing the 

identification of dyspneic patients. Furthermore, these findings also highlight that it may 

be possible to create a dyspnea observational scale which incorporates subjective 

measures (such as look of fear) but relies more on the physiological state of the patient, 

allowing for healthcare providers who do not have access to a monitoring system running 

an algorithm to rapidly assess whether their patient is in respiratory discomfort. It is 

entirely possible that a slightly modified version of the RDOS as described above could 

function for the same purpose. It is important to once again note that these findings were 
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based on a relatively healthy and young participant pool. Further validation in the 

hospital setting and with patients experiencing a variety of pathologies and health 

disparities is needed before a machine learning method such as this can be touted as an 

excellent tool for monitoring dyspnea. However, as mentioned in my dedication at the 

beginning of this dissertation, it is within the essence of every scientist to sculpt reality 

through the pursuit of knowledge. I suppose now that I have finished writing, and you 

have finished reading, it is time to get back to work. 
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