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[bookmark: _Toc236298773][bookmark: _Toc236324197]1.0	SUMMARY
As the number of unidentified physiologic episodes (UPEs) in tactical aviation continue to increase, a need exists for early detection of these occurrences in flight to ensure operator safety. Hypercapnia is believed to be a significant contributor to UPEs as operators encounter breathing resistance from oxygen mask valves, breathing hoses, and regulators, which can lead to hypoventilation and CO2 retention. While current methods to detect hypercapnia exist, the ability to use this technology in the cockpit remains difficult due to environmental issues and interference from and with flight equipment. This investigation seeks to develop a non-invasive method to identify hypercapnia using a machine learning algorithm to detect changes in speech and breath features specific to an individual with excess arterial CO2.
Method: Thirty-five active-duty student Naval aviators (M = 24.11 years, SD = 2.14) performed two iterations of the Performance Assessment Tool (PAT) and two reading tasks while breathing four normobaric CO2 concentrations, 1.0%, 2.5%, 4.0%, 5.5%, delivered via an MBU-20/P flight mask, for 15-minutes each.
Results: Transcutaneous arterial partial pressures of CO2 (PaCO2) increased in participants across the four CO2 exposures with an average increase of 15.30 mmHg from baseline PaCO2. A repeated measures ANOVA conducted on tracking performance during PAT revealed significant differences between conditions, f (1.69, 28.78) = 4.39, p = 0.027, partial eta square = 0.21.  Pairwise comparisons revealed significantly better tracking performance in the 2.5% and 4.0% exposure conditions when compared to the 1.0% exposure condition. Both the speech and breath machine learning approaches accurately identified the CO2 that participants were being exposed to. The approaches based on modeling each individual’s speech and breath features performed best with accuracy at 89% and 84.5% respectively. The speech and breath machine learning approaches also resulted in AUROC values in the 80s and 90s indicating that they are excellent as diagnostic instruments to identify CO2 concentrations.
Conclusion: The results of the current investigation suggest that speech and breath contain hypercapnic specific signals during CO2 exposures. Machine learning approaches should be further pursued to identify changes in physiological status and mitigate operational stressors in tactical aviation. 

2.0 	INTRODUCTION

Fifth-generation high-performance tactical aircraft challenge a fighter pilot’s normal physiologic state through exposure to higher altitudes, speeds, and accelerations (g-forces) than previous aircraft, making the capabilities and reliability of the cockpit life support systems evermore critical for management of the pilot’s partial pressure of oxygen, breathing gas flow rates, cabin pressurization, and in normal flight and in response to combat g-forces.1 However, due to the complexities of the human respiratory system and the aircraft life support system, unforeseen physiologic issues can arise as these systems interact and seek to maintain operator homeostasis in flight. Operators have reported symptoms like those they experienced during hypoxia recognition training.2 However, incident investigations performed by the U.S. Navy and Air Force have revealed little evidence of equipment malfunctions that would explain these hypoxia-like occurrences in the F/A-18, F-22, F-35, T-45, EA-6Bs, and T-6 platforms.3,1,4,5,6Air Force As a result, the military has designated these incidents as unidentified physiologic episodes (UPEs). Since 2007, over 600 UPEs have occurred in the F/A-18 alone, significantly eroding operator confidence in life support systems across platforms and operational readiness.1 Investigators now believe a significant percentage of UPEs are likely associated with a buildup of carbon dioxide (CO2) in the operator’s arterial blood known as hypercarbia or hypercapnia.1 Hypercapnia in aircraft is thought to be caused by malfunctions in life support systems that result in restricted breathing and the inability to adequately off-gas, through exhalation, the CO2 created by metabolic activity.7 Hypercapnia causes increased minute ventilation, heart rate, and vasodilation in the cerebral cortex that results in tissue hypoxia in neurons and, at extreme levels, can lead to operator incapacitation.8 The sudden rise in heart rate and breath rate induced by hypercapnia can often be indistinguishable from a sudden autonomic nervous response or panic attack. When this occurs, in-flight operators can easily confuse hypercapnia with other aeromedical risks such as hypoxia or contaminated breathing gas. 								To mitigate hypercapnia risk in tactical aviation, methods to identify the early signs of the condition in-flight are required. Hypercapnia is typically measured through capnography, a measure of the amount of CO2 expired in each breath. Efforts to develop accurate capnography systems for in-flight use have failed due to multiple issues that include mixing of expired gas and supply gas in the flight mask, humidity of expired breath, and rapidly changing pressures inside the flight mask, all of which can generate unreliable measurements of expired CO2. Because aircraft operators communicate verbally throughout a flight, analyzing operator voice dynamics may provide a powerful and unobtrusive method to monitor hypercapnia and other operator neurophysiologic status in-flight. The Florida Institute for Human and Machine Cognition (IHMC) has previously developed speech analysis techniques that have shown success in staging neurodegenerative disorders diseases. Such techniques may also provide a real-time, reliable, unobtrusive, and flight-worthy indicator of operator cognitive status.				Prior research on speech in extreme environments, such as high-altitude operations, has demonstrated detectable changes in the speech signal that occur during hypoxia, as well as various other physiological and/or psychological stressors and conditions. For example, studies have shown that acoustic and clinical features in speech correlate and track with the progression of Amyotrophic Lateral Sclerosis (ALS), a progressive neurodegenerative condition that affects muscle function.9,10,11 Other conditions, such as Traumatic Brain Injury (TBI), can induce impairments in speech that indicate of the stages of the condition.12 Additionally, automatic identification of features in speech can detect changes in psychological states, such as stressed versus neutral,13,14,15 and emotional states, including negative versus positive16 and agitated versus calm,17 as well as conditions such as depression.18,19,20,21,22,23 In the present investigation, operator speech (10ms segments of a standard passage read by the participants) and specific breathing gestures (sniffing, normal breathing, deep breathing) were analyzed through audio analysis software including Praat24 and openSMILE25 to identify a large number of acoustic (energy, voice, and spectrum related) and duration-related features. Such features have proven useful for detection of various operational stressors. For example, as mentioned above, acoustic, and duration-related features of vocalization such as root mean square (RMS) signal frame energy, jitter, Mel-frequency cepstral coefficient 2 (MFCC 2) mean peak distance, and degree of voice breaks have been used to identify the early signs of ALS.10 Duration related features such as total recording durations, total pause time, variability of pause durations strongly correlate with Hamilton Depression rating scores (HAMD) in depressed individuals,26 who also show impact in acoustic features such as pitch variability.19 Additionally, frequency and duration-based features can help identify abnormal breath sounds from normal breath sounds. Normal breathing sound frequency range (for vesicular breath sounds) ranges between 60-600 Hz.27 Abnormal breath sounds from wheezing (lower airway obstruction) or stridor (upper airway obstruction) both fall in, higher frequency bands, e.g., above 2000 Hz.27 Rhonchi (whistling or snoring due to fluid in the large airways) have a duration greater than 100ms and a frequency of less than 300 Hz.28  Spectral analysis can also classify lung sounds associated with conditions such as pneumonia.29											In the present work, acoustic and duration-related features of individual speech and breath signals produced during hypercapnia exposures were extracted from voice and breath and analyzed with two approaches: (a) a feature-based approach and (b) a divergence-based approach. The feature-based approach used acoustic and duration-based features directly in predicting four normobaric, mildly elevated inspired CO2 states whereas the divergence-based approach computed the degree of divergence between current speech samples and baseline speech samples for each speaker; divergence scores were in turn used to predict the four CO2 states. We hypothesized that a larger divergence from the baseline could represent the degree or intensity of physiological stress and correspondingly, the level of inspired CO2 exposure. As a secondary aim, the current investigation sought to measure the psychomotor performance effects of hypercapnia using the Performance Assessment Tool (PAT) previously developed by the Air Force Research Laboratory (AFRL).

3.0 	METHODS

3.1 Participants
Thirty-five active-duty student aviators from the Marine Aviation Training Support Group-21 (MATSG-21) attached to Naval Air Station Pensacola volunteered for the study. A total of 32 males and three female participants between the ages of 20-45 years-old (M = 24.11 years, SD = 2.14) with current aviation duty up-chits (Medical Recommendation for Flying or Special Operational Duty, Department of Defense Form 2992) participated. In addition, all participants self-reported verification that they had no history of asthma, emphysema, chronic obstructive pulmonary disease (COPD), anemia, hypertension, epilepsy, sickle cell trait, or a diagnosis of pneumonia within the past twelve months. Participants who reported a positive diagnosis of COVID-19 within twelve months preceding their test day and before their up-chit was issued, were included only if they denied pulmonary symptoms during and after the illness. All participants provided informed consent prior to participation in the human research participants protocol, which was approved by the Florida Institute for Human and Machine Cognition’s (IHMC) Institutional Review Board (IRB) prior to the start of data collection. 
3.2 Instrumentation
Cognitive performance of each participant was evaluated using the Performance Assessment Tool (PAT). The PAT is designed to be sensitive to the performance effects of extreme environments such as high altitude, high workload, fatigue, and extreme cold and heat. The PAT is composed of a manual tracking task, a working memory task, an addition task, and a mannequin (spatial processing) task previously described by Phillips 2019.30 The PAT can be administered with one, two, three or all four of the tasks simultaneously. For this study, participants completed all the PAT subcomponent tasks simultaneously in two-minute iterations. The PAT and reading tasks were presented on a monitor with an integrated high speed video eye tracker designed for behavior and eye movements research use (Spectrum, Tobii Pro AB, Stockholm, Sweden). The system captures eye movement data while allowing for natural head movement. Two cameras capture stereo images of both eyes for accurate measurement of eye gaze and eye position in 3D space, as well as pupil diameter.				Participants wore an MBU-20/P Flight Mask (Gentex Corp., Carbondale, PA) during the investigation. A mainstay in tactical aviation, the MBU-20/P was developed for Pressure Breathing for G (PBG) breathing schedules up to 60,000 feet. The mask features a side entry breathing gas supply hose and inhalation valve designed to lower flow resistance. A bespoke computer controlled blended gas on demand delivery system (BGoD3000, Environics, Inc., Tolland, CT) provided the appropriate CO2 and room air gas concentrations to the participant via the mask. 												The BGoD3000 consists of a microcontroller unit (MCU)-based blended gas mixing/delivery system designed specifically to support this project. In addition to MCU controlled closed-loop gas mixing, the BGoD3000 receives control commands over the serial port from a simulation workstation running IHMC’s Adaptive Multiagent Integration (AMI) software framework.31 An AMI software agent communicated with the BGoD3000 at 1 Hz to check device status, read CO2 and O2 gas levels, and control the timing and concentrations of the CO2 level changes. A recovery switch is mounted on both the front panel of the BGoD3000 and remotely within reach of the participant. This allows either the researcher or the participant the ability to override the current gas mix and trigger either 100% oxygen or room air. The BGoD3000 is not approved by the FDA. An inline flow meter (model 4040, TSI Incorporated, Shoreview, MN) provided continuous monitoring of the rate participants inhaled the mixed gas in liters per minute (minute volume). A metabolic cart (CardioCoach-CO2 Korr Medical Technologies, Inc., Salt Lake City, UT) continuously provided heart rate using a chest strap heart rate monitor (model H1, Polar Electro, INC., Bethpage, NY) and end-tidal CO2 measurements. Expired breath from the participant was captured at the exhaust valve of the MBU-20/P and passed through a hose to the CardioCoach-CO2 which analyzed the breath to provide the CO2 measurements of expired breath.									A sensor placed on the upper left chest provided continuous transcutaneous measurements of arterial CO2 and O2 partial pressure (TCM CombiM, Radiometer, America Inc., Brea, CA) to monitor participants hypercapnia level throughout their experimental sessions. A pulse co-oximeter (Rainbow SET, Masimo Corp, Irvine, CA_ provided a real time measure of percent oxygen saturation in the blood and pulse rate using a sensor worn on the left fifth digit. The measure of SpO2 provided by the pulse oximeter was continuously monitored throughout the experiment to ensure the blood oxygen saturation of each participant remained stable. In addition to the BGoD3000, all instrumentation was linked through device specific AMI agents for control, time synchronization and data logging.
 3.3 Procedure
The IRB approved protocol consisted of two days of participation from each participant. On Day 1, the participant received a study in-briefing from the researchers, provided informed consent and completed a medical history and activity questionnaire to confirm no deviation from their current aviation up-chit. A physician reviewed the medical history questionnaire to determine if the participant met any exclusion criteria. Upon enrollment in the study, the participant executed twelve, two-minute iterations of PAT on the practice mode setting. This was completed to establish an individual baseline difficulty level for each of the four PAT tasks.
On Day 2, before the beginning of data collection, the participant donned the heart rate sensor and strap, the TCM CombiM sensor attached to their upper left pectoral region, a pulse-oximeter placed on the fifth digit of the left hand, and an appropriately sized MBU-20/P flight mask, held in place with an elastic sleep apnea head gear with custom mounts for flight helmet bayonet clips. The inhalation valve on the MBU-20/P was connected to the BGoD3000 to deliver the appropriate gas mixtures to the participant and the exhalation valve was connected to the CardioCoach to calculate end-tidal CO2 from the participant’s expired breath.			To calibrate the Tobii eye tracker, the participant stared at calibration dots on a screen which allowed the Tobii to capture and analyze images of their eyes. If Tobii was unable to calibrate to the participant (usually due to interference from the MBU-20/P mask), eye tracking data was not collected for that participant. Eye tracking data was collected on 20 out of 35 participants.												To calibrate the audio signal from the Gentex M169A/AIC microphone in the MBU-20/P flight mask each participant was asked to read a sentence twice; once loudly and once using their regular speaking voice to ensure the audio signal was not clipped but still audible for analysis. We used the free and open-source audio software Audacity® (The Audacity Team, Pittsburgh, PA) to visualize the audio signal waveform. An AMI agent recorded the audio digitized by the experiment workstation’s audio hardware as individual waveform audio file format (.wav) files.		The participant completed two PAT tasks and two reading tasks in an alternating order during CO2 exposures. The BGoD3000 delivered four levels of CO2 (1.0%, 2.5%, 4.0%, and 5.5%) to the participants via the mask at an average flow rate of 70 liters per minute, each for a fifteen-minute period. During experimental conditions, participants completed PAT trials in assessment mode. The reading tasks consisted of three passages commonly used in the clinical and research speech literature: (1) “My Grandfather”32; (2) “The Caterpillar”33; and (3) “The Rainbow”34. The data collected under the 1.0% CO2 condition were used as a baseline sample of speech and breath for each participant.							Between each CO2 exposure level, the BGoD3000 provided room air to the participant through the MBU-20/P for at least five-minutes while the participant remained seated with the sensors in place. The participant’s baseline arterial CO2 was established at the end of the five-minute break after the 1.0% CO2 condition. The researchers empirically determined this was sufficient time for the TCM sensor heating element to reach operating temperature in order to warm the skin surface sufficiently to induce vasodilation, which increases the permeability of the skin to O2 and CO2. The participant’s vitals were continuously monitored by the researchers using the described instrumentation. If a participant’s partial pressure of CO2 rose more than 20 mmHg, or if their arterial CO2 reached 65 mmHg, the session was terminated, and the BGoD3000 participant provided 100% room air.						Participants were debriefed after the completion of the experiment and monitored for hypercapnic symptomology including dizziness, shortness of breath, headache, and anxiety. Either the Principal Investigator or Co-Investigator cleared the participant to leave if he or she was well-appearing and did not self-report any significant symptoms.
4.0 ANALYSIS
4.1 Performance Analysis 
The current investigation employed a repeated measures cross-over design. Repeated measures ANOVAs were used to determine if there were significant changes in performance as indicated by PAT performance across the four CO2 conditions.

4.2 Speech Analysis 
A divergence score was computed for each of the individual features corresponding to the participant’s baseline speech sample at 1.0% CO2. An absolute value of the difference between individual feature values in the experimental sample and the corresponding feature values in the baseline sample was used as the divergence score for each individual feature. 			Speech analysis was performed on audio samples from the reading portions of the recorded audio, including both breathing and reading speech. We used the OpenSmile audio analysis toolkit to extract auditory features using the same methodology that was implemented in the Interspeech 2011 Speaker State challenge, which was previously used to determine sleepiness and blood alcohol level from speech.35 The roughly 4,000 features extracted represent the result of combining low-level descriptors with functionals across small windows of audio to determine speech characteristics in both absolute and dynamic terms. Two methods were explored for extracting features: full-passage and breath-segmented. In the full-passage extraction, each reading of a passage was used to generate a single feature vector. In this case, both breath and speech were averaged together to form a feature vector representing the speaker’s state across the reading of the passage. For breath-segmented extraction, we used breath detection to determine speech boundaries, and extracted breath and speech independently. Each speech and breath segment was then labeled and considered independently, allowing us to determine the relative contributions of breath analysis versus speech analysis (using the Interspeech feature set). 										To automatically determine the CO2 concentration from the participant’s speech sample, we experimented with multiple different regression models that took the feature vector as input and labels for each CO2 condition. In-line with previous research and verified with initial experiments, a random forest regressor (provided by the scikit-learn library)36 provided the best performance. It automatically chooses from the many features and cross validates against the training set to find those features that best predict an individual’s CO2 level. The initial hyper-parameters for the random forest regressor (feature selection rate and number of estimators) were determined using a development set consisting of about 10% of the total data. The remaining data was split for multi-fold evaluation for three situations – one in which the speaker to be identified was not in the training data (to determine generalizable detection of hypercapnia based on speech features), one in which the speaker to be identified was included in the training data (although no specific reading appeared in both the training and test set) to determine whether a general model can be augmented with individual-specific information for improved recognition performance when available, and finally, a model that is trained solely on a single individual to make a determination based on individual-specific divergence of speech quality. This split allows us to gauge how specific the hypercapnia features were to the individual and their expected assessment capabilities for a previously seen or unseen individual.			In addition to initial tests of models, we also experimented with existing speaker-state data sets to determine if features from those data sets could be adapted for the hypercapnia recognition. We separately used both the Sleepy Language Corpus37 and the Alcohol Language Corpus38 to train initial models and that were tested on each individual with levels of CO2 scaled to be proportional to the sleepiness ratings used in the corpus.
4.3 Breath Analysis
Breath analysis was conducted during the PAT performance segments across exposure conditions. Breath analysis was no conducted during completion of the reading task. Each audio file was divided into 10-second-long audio samples, meaning each 10‑second sample was used for training or evaluation of the method. Let  represent the ith 10‑second sample.

4.3.1 Feature Extraction

The Fourier transform method was used to extract features from the breath sounds. 
[image: ]
Equation 1. The Fourier transform of xi defined 

where N is the dimension of the  and  are the Fourier coefficients. We use |as the features representing the ith 10‑second-long samples.

4.3.2 Deviation from the Baseline

 To capture any deviation in the breathing pattern and strategy of participants with respect to their own normal breathing patterns (baseline), we calculated the Euclidean distance between  and the baseline . Because we did not collect the breath sounds at 0% CO2 in this study, we used the first 10‑seconds of the 1.0% CO2 condition as a participant’s baseline. 
[image: ]
Equation 2. The Euclidean distance defined 

The distance was calculated for each participant separately and used for CO2 level detection and classification using an unsupervised approach that represents the divergence of the breathing pattern from normal breathing patterns in the presence of CO2. 

4.3.3 Breath-Based CO2 Level Detection and Classification

In the current investigation, we utilized two different procedures to detect and classify CO2 levels from breath sounds:

1. Expert User Approach (Trained on one participant and evaluated on the same participant)

In this procedure, we trained a model on breath sound samples of a participant. Then, the model was used to detect CO2 levels of the same participant. 
1.a. Unsupervised approach: In this method, we used the k-means clustering algorithm to put the deviations from the baseline values (di0) into distinct groups. This method has the advantage of not needing any training data, allowing immediate use with new participants. This approach has a drawback, though, as it requires a priori knowledge of the CO2 exposure levels targeted for identification.

1.b. Supervised approach: In this method, we fitted normal distributions to the deviations from the baseline values (di0) for each CO2 level separately, meaning we fitted four different normal distributions for each participant.

2. New Participant Approach (Trained on multiple participants and evaluated on a new participant)

This procedure proved the most challenging because participant breathing patterns and strategies differ significantly between individuals (e.g., faster, louder, etc.) To achieve the best performance, we used six different random forests to detect pairwise CO2 levels, namely: 1.0% vs 2.5%, 1.0% vs 4.0%, 1.0% vs 5.5%, 2.5% vs 4.0%, 2.5% vs 5.5%, 4.0% vs 5.5% CO2 and then voting among the results to determine the final CO2 level.


4.4 ROC Analysis of Models 

We calculated both area under the curve (AUC) and the receiver operating characteristics (ROC) curve to determine the utility of each of these approaches as a diagnostic for detection of hypercarbia through the auditory features of breath and speech.

5.0 RESULTS

5.1 Descriptive Statistics of Physiological Parameters Across Conditions

5.1.1 PaCO2 across Conditions during PAT Tasks

Participants’ arterial partial pressure of CO2 (PaCO2) as measured by the TCM increased steadily across the four CO2 exposures while participants performed the PAT (Table1a, Figure 1a). The average increase from baseline in PaCO2 across conditions is as follows, the 1.0% CO2 condition resulted in an average PaCO2 increase of 5.54 mmHg, the 2.5% condition resulted in an average PaCO2 increase of 8.92 mmHg, the 4.0% condition resulted in an average PaCO2 increase of 13.20 mmHg, and the 5.5% condition resulted in an average PaCO2 increase of 14.46 mmHg (Table 1a, Figure 1a).	


Table 1a. Increase in PaCO2 from Baseline Across Conditions During PAT Tasks
	Condition
	1% CO2 PAT
	2.5% CO2 PAT
	4.0% CO2 PAT
	5.5% CO2 PAT

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	Mean (mmHg)
	3.91
	5.54
	4.87
	8.92
	7.20
	13.20
	9.24
	14.46

	SD
	4.32
	4.24
	5.28
	4.39
	6.86
	4.98
	9.32
	8.62
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Figure 1a. Graphical Display of Increase in PaCO2 from Baseline Across Conditions During PAT Tasks


5.1.2 PaCO2 across Conditions during Reading Tasks

Participants’ PaCO2 as measured by the TCM during the reading tasks also increased steadily from baseline across the four CO2 exposure levels (Table1.b, Figure 1.b). The average increase in PaCO2 across conditions is as follows, the 1.0% CO2 condition resulted in an average increase in PaCO2 of 4.71 mmHg, the 2.5% condition resulted in an average increase in PaCO2 of 8.35 mmHg, the 4.0% condition resulted in an average increase in PaCO2 of 12.26, and the 5.5% condition resulted in an average increase in PaCO2 of 16.29 mmHg (Table 1b, Figure 1b).


Table 1b. Increase in PaCO2 from Baseline Across Conditions During Reading Tasks

	Condition
	1.0% CO2 
Reading
	2.5% CO2 Reading
	4.0% CO2 Reading
	5.5% CO2 Reading

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	[bookmark: OLE_LINK5]Mean (mmHg)
	4.16
	4.71
	5.43
	8.35
	8.19
	12.26
	10.86
	16.29

	SD
	4.26 
	3.92
	5.26
	4.68
	6.19
	5.03
	7.96
	6.44
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Figure 1b. Graphical Display of Increase in PaCO2 from Baseline Across Conditions During Reading Tasks


5.1.3 Heart Rate Across Conditions during PAT tasks

Heart rate rose slightly higher in the 1.0% condition when compared to the 2.5% and 4.0% CO2 conditions. However, beginning with the 2.5% condition, heart rate did appear to increase in a stepwise fashion with increasing CO2 levels (Table 2a, Figure 2a). The 5.5% CO2 condition resulted in the highest average heart rate of 88.56 bpm. On average, heart rate increased 8.1 beats per minute from the 2.5% condition to the 5.5% condition (Table 2a, Figure 2a). 


Table 2a. Heart Rate Across Conditions During PAT Tasks
	Condition
	1% CO2 PAT
	2.5% CO2 PAT
	4.0% CO2 PAT
	5.5% CO2 PAT

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	Mean (bpm)
	82.97
	80.46
	78.97
	79.23
	79.61
	82.18
	82.78
	88.56

	SD
	12.62
	11.30
	11.76
	12.15
	11.69
	12.94
	11.68
	14.92
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Figure 2a. Graphical Display of Heart Rate Across Conditions During PAT Tasks


5.1.4 Heart Rate Across Conditions during Reading tasks

During the reading tasks, heart rates fluctuated in the 1.0% and the 2.5% CO2 condition. However, heart rate consistently increased in the 4.0% and 5.5% CO2 condition (Table 2b, Figure 2b). The 5.5% CO2 exposure resulted in the highest average heart rate of 85.31 bpm. On average, heart rate increased 6.95 beats per minute from the 4.0% condition to the 5.5% condition (Table 2b, Figure 2b).


Table 2b. Heart Rate Across Conditions During Reading Tasks
	Condition
	1% CO2 
Reading
	2.5% CO2 Reading
	4.0% CO2 Reading
	5.5% CO2 Reading

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	[bookmark: OLE_LINK4]Mean (bpm)
	79.34
	78.25
	77.22
	78.40
	78.36
	80.32
	81.23
	85.31

	SD
	11.62
	11.16
	11.12
	11.85
	12.53
	13.23
	14.07
	15.23
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Figure 2b. Graphical Display of Heart Rate Across Conditions During Reading Tasks


5.1.5 Breath Rate Across Conditions

Average breath rate increased with CO2 exposure concentration in a stepwise fashion like the average PaCO2 measurements (Table 3, Figure 3). Overall, average breath rate increased by 13.34 breaths per minute from the 1.0% CO2 condition to the 5.5% CO2 condition.


Table 3. Breath Rate Across Conditions During PAT Tasks
	Condition
	1% CO2 PAT
	2.5% CO2 PAT
	4.0% CO2 PAT
	5.5% CO2 PAT

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	Mean (breaths/min)
	7.95
	8.89
	9.57
	12.19
	14.07
	16.56
	19.06
	21.29

	SD
	6.95
	7.25
	7.75
	8.33
	10.07
	10.37
	13.65
	12.48




[image: ]Figure 3. Graphical Display of Breath Rate Across Conditions During PAT Tasks


5.1.6 Tidal Volume Across Conditions

Much like respiration rate and PaCO2, tidal volume correlated positively with CO2 exposure concentration. On average, tidal volume increased by 1.314 liters from the 1.0% CO2 condition to the 5.5% CO2 condition (Table 4, Figure 4). 


Table 4. Tidal Volume Across Conditions During PAT Tasks
	Condition
	1% CO2 PAT
	2.5% CO2 PAT
	4.0% CO2 PAT
	5.5% CO2 PAT

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	[bookmark: OLE_LINK3]Mean (L/min)
	0.8861
	0.9656
	1.064
	1.259
	1.452
	1.775
	1.827
	2.276

	SD
	0.4204
	0.3811
	0.4018
	0.3704
	0.5631
	0.4503
	0.7164
	0.6051
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Figure 4. Graphical Display of Tidal Volume Across Conditions During PAT Tasks


5.1.7 Minute Ventilation Across Conditions

Minute ventilation increased from 3.37 liters per minute in the 1% CO2 condition to 10.80 liters per minute in the 5.5% CO2 condition, an average increase of 7.02 liters per minute (Table 5, Figure 5).


Table 5. Minute Ventilation Across Conditions During PAT Tasks
	Condition
	1% CO2 PAT
	2.5% CO2 PAT
	4.0% CO2 PAT
	5.5% CO2 PAT

	 
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2
	Task 1
	Task 2

	Mean (L/min)
	3.37
	3.78
	3.88
	5.33
	5.84
	8.07
	7.99
	10.80

	SD
	1.63
	1.45
	1.90
	1.62
	2.79
	2.02
	3.97
	2.54
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[bookmark: OLE_LINK2]Figure 5. Graphical Display of Minute Ventilation Across Conditions During PAT Tasks


5.2 Performance Assessment Tool (PAT) Results

A repeated measures Analysis of Variance (ANOVA) was conducted on overall PAT performance and PAT Tracking Scores to establish whether there were significant performance effects associated with exposure to higher levels of CO2. The analysis compared the second PAT assessment across each exposure condition. The second PAT session was used because it was conducted later in the exposures during the participants’ maxim hypercarbia state associated with the respective condition. 


Table 6. Mean PAT Performance Across CO2 Exposure Concentrations
	CO2 Exposure
	1.0%
	2.5%
	4.0%
	5.5%

	PAT Scores Mean
	848.42
	852.20
	867.64
	866.32

	SE Mean
	14.05
	15.20
	13.82
	11.01

	Tracking Scores Mean
	508.03
	527.62
	536.40
	535.32

	SE Mean
	16.50
	15.50
	15.96
	18.23




The ANOVA conducted on overall PAT performance did not show any significant differences across conditions, f (1.9, 60.95) = 1.16, p=0.32, partial eta square = 0.035. The ANOVA conducted on the tracking component of PAT without the subtasks showed significant differences between conditions, f (1.69, 28.78) = 4.39, p = 0.027, partial eta square = 0.21.  Pairwise comparisons revealed significantly better tracking performance in the 2.5% and 4.0% exposure conditions when compared to the 1.0% exposure condition. 

[image: ]
[bookmark: OLE_LINK1]Figure 6. ANOVA results for overall PAT performance across CO2 conditions 
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Figure 7. ANOVA results for PAT tracking performance across CO2 condition


5.3 Speech Results

We extracted a single vector of features for each reading passage using both breathing and speaking together and also by using the breath segmentation method to separate speech and breathing from the recordings. The speech was more predictive than breath using this latter feature set, but the former feature set, which incorporated the two variables provided better results. We, therefore, focused on experiments combining features extracted from both speech and breath taken together.
The models trained to detect sleepiness and blood alcohol levels using the Large Sleepy Language Corpus and the Alcohol Language Corpus were ineffective for determining CO2 levels, indicating that hypercapnia affects speech in a unique way.
Initial hyper-parameters were trained with a development set consisting of about 10% of the total data. For the tested speaker not included in the training set, we achieved an average R2 of .29 (an internal metric of the goodness of fit of the model), with a Pearson R = .69 (p < .001) calculated through the correlation of the ground truth CO2 supply values with those generated by the model for the test set (Figure 8).

[image: ]

Figure 8. Pearson Correlation for Each Participant (and Average) in the Unseen Experiment – Where the Individual was not Present in the Training Data


For the tested speaker included in the training set while including all the other individuals for training, we achieved an average R2 of .56, with a Pearson R = .89 (p < .001) (Figure 9).

[image: ]

Figure 9. Pearson Correlation for each Participant (and Average) in the Combined Experiment – Where the Tested Individual was Present in the Training Data Along with the Other Individuals


Finally, for the divergence evaluation (model trained on half of the speaker’s data and tested on the other half), we achieve an average R2 of .58, with a Pearson R = .89 (p < .001) (Figure 10).
[image: ]
Figure 10. Pearson Correlation for Each Participant (and Average) in the Divergence Experiment – Where only the Tested Individual was Present in the Training Data to Evaluate Individual-Specific Hypercapnia Detection


In addition to applying regression models to the speech feature analysis, we also developed a classification model for distinguishing between various levels of CO2. This classifier was trained using the same multi-fold approach used for the new user evaluation. Results are shown in Figure 11. 


Table 7. The Area Under the Curve (AUC) of Detecting CO2 Level from Speech Using the Unseen Experiment

	CO2 Exposure
	1.0%
	2.5%
	4.0%
	5.5%

	AUC
	0.82
	0.71
	0.69
	0.88
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Figure 11. ROC for Predicting Each Participant’s CO2 level in the Unseen Experiment – where the Tested Individual was not Present in the Training Data


5.4 Breath Analysis Results

5.4.1.  Expert User Approach (Trained on one participant and evaluated on the same participant)
1.a. Unsupervised Approach
In the unsupervised approach described in Section 4.3.3, we compared each 10‑second segment of each participant with their own 10-second baseline. The deviation of samples from the baseline was clustered into four separate groups. The clustered members were then compared with the ground truth to calculate the accuracy of clustering for each participant. Figure 13 shows the accuracy of the test data using the unsupervised approach for each participant separately.


Table 8. The Area Under the Curve (AUC) of Detecting CO2 Level from Breath Sounds for Each Participant Using the Expert User Unsupervised Approach
	CO2 Exposure
	1.0%
	2.5%
	4.0%
	5.5%

	AUC
	0.91
	0.92
	0.89
	0.85
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Figure 12. The ROC of Detecting Changes in CO2 Level from Breath Sounds for Each Participant Using Unsupervised Approaches (Expert User Unsupervised Approach)


[image: ]
Figure 13. The Accuracy of Detecting Changes in CO2 Level from Breath Sounds for Each Participant Using Unsupervised Approaches. Total Accuracy is 84.5%. The Total Accuracy After Taking Out the Outlier (id: 1340) is 85.91%


1.b. Supervised Approach
Within a participant’s sample, 80% of the data in each CO2 condition was allocated for training and 20% of the data in each CO2 condition was allocated for testing. We trained the method described in Section 4.3.3. on the training dataset of each participant, and then used the trained model to predict the CO2 level of the test dataset. The accuracy of the trained model was calculated based on the predicted CO2 level for the test dataset of each participant separately when compared with the ground truth. Figure 15 shows the accuracy of the test data for each participant separately.

Table 9. The Area Under the Curve (AUC) of Detecting CO2 Level from Breath Sounds for Each Participant When the Model is Trained on Each Participant (Expert User Supervised Approach)
	CO2 Exposure
	1.0%
	2.5%
	4.0%
	5.5%

	AUC
	0.94
	0.83
	0.83
	0.91
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Figure 14. The ROC of Detecting CO2 Level from Breath Sounds for Each Participant when the Model is Trained on the Same Participant (Expert User Supervised Approach)

[image: ]
Figure 15. The Accuracy of Detecting CO2 Level from Breath Sound for Each Participant when the Model is Trained on the Same Participant (Expert User Supervised Approach). The Averaged Accuracy is 78.32%. When Outliers (4043, 4331, 1781) are Taken Out, the Averaged Accuracy Increases to 83.10%

2. Trained on Multiple participants and evaluated on a new participant
We also used a k-folding approach to train a model on a subset of participants and evaluated it on new participants as described in Section 4.3.3. Six different random forest models were used to detect differences between each pair of CO2 conditions (e.g., 1.0% vs 2.5%, 1.0% vs 4.0%, 1.0% vs 5.5%, 2.5% vs 4.0%, 2.5% vs 5.5%, 4.0% vs 5.5%). Figure 16 shows the ROC of the experiment, and Table 10 shows the AUC for each CO2 level. 

Table 10. The Area Under the Curve (AUC) of Detecting CO2 Level from Breath Sounds for New Participants
	CO2 Exposure
	1.0% vs. 2.5%
	1.0% vs. 4.0%
	1.0% vs 5.5%
	2.5% vs. 4.0%
	2.5% vs. 5.5%
	
	4.0% vs. 5.5%

	AUC
	0.73
	0.85
	0.82
	0.64
	0.71
	
	0.57
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Figure 16. The ROC of Classifying CO2 Levels from Breath Sound for New Participants
[image: ]
Figure 17. The Accuracy of Classifying CO2 Levels from Breath Sounds for New Participants Using K-folding. The Averaged Accuracy is 51.65%


As a component of this study, we also evaluated the performance of the proposed method on new participants when assuming only two CO2 levels to determine if the algorithm can distinguish two different levels of CO2 accurately. Figure 18 and Figure 19 show the accuracy of this evaluation for each new participant when the algorithm is trained on the remaining participants. The accuracy of the algorithm averaged across all participants for each category is given in Table 11. The best accuracy manifested when distinguishing between the 1.0% and 5.5% CO2 levels while the lowest accuracy occurred when distinguishing between CO2 levels close to each other, e.g., 2.5% vs 4.0% and 4.0% vs 5.5%. This was likely because the breathing patterns and strategies are very similar to each other in these similar CO2 levels.


Table 11. The Accuracy of Detecting Pairwise CO2 Levels
	CO2 levels 
	1.0 vs 2.5 
	1.0 vs 4.0 
	1.0 vs 5.5 
	2.5 vs 4.0 
	2.5 vs 5.5 
	4.0 vs 5.5 

	Accuracy 
	72.62% 
	84.90% 
	88.68% 
	64.68% 
	74.30% 
	62.22%
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Figure 18. The Accuracy of Classifying Pairwise CO2 Levels (1.0 vs 2.5, 1.0 vs 4.0, 1.0 vs 5.5) from Breath Sounds for New Users K-folding

[image: ]
Figure 19. The Accuracy of Classifying Pairwise CO2 Levels (2.5 vs 4.0, 2.5 vs 5.5, 4.0 vs 5.5) from Breath Sounds for New Users K-folding


6.0 	DISCUSSION

The present study successfully developed and evaluated a suite of machine learning tools and algorithms to identify hypercapnic states through the analysis of operator acoustic features in speech and breathing using the standard microphone mounted inside the MBU-20/P flight mask. This proof-of-concept study could provide the foundation for establishing more robust and real-time methods for real-world monitoring of hypercapnia using existing microphones mounted in flight masks, dive masks and space suits.
The experimental manipulation of CO2 concentration resulted in a steep increase in PaCO2 during PAT tasks as participants were exposed to increasing levels of CO2. On average participants experienced a 5.54 mmHg increase in the 1.0% condition, an 8.92 mmHg increase in the 2.5% condition, a 13.20 mmHg increase in the 4.0% condition, and a 14.46 mmHg increase in the 5.5% condition from their baseline PaCO2. Likewise, there was also a strong positive trend of increasing PaCO2 across CO2 exposure conditions during the reading task. On average participants experienced a 4.71 mmHg increase in the 1.0% condition, an 8.35 mmHg increase in the 2.5% condition, a 12.26 mmHg increase in the 4.0% condition, and a 16.29 mmHg increase in the 5.5% condition from their baseline PaCO2. The participants experienced a slightly larger increase in PaCO2 during the reading task when compared to the PAT task. The observed increases in PaCO2 indicate that the experimental manipulation was adequate to evoke the variability of hypercapnia trends. Therefore, we were able to successfully test for performance differences across conditions and develop machine learning techniques to identify hypercapnia using speech and breath analysis. 
Altering the CO2 concentrations given to participants did not have a significant effect on average heart rate across conditions during reading and PAT tasks. There was an increase of 8.1 bpm between the 1.0% and the 5.5% CO2 exposures during PAT tasks. Heart rate was higher during PAT tasks, on average, in the 1.0% condition than in the 2.5% and the 4.0% conditions. Elevated participant heart rate during the 1.0% exposure condition, which always occurred first, might have resulted from apprehension upon beginning the experiment and adapting to the breathing resistance imposed by the flight mask and BGoD3000. Following the 1.0% exposure condition during the PAT task heart rate trends began to rise with increasing CO2 exposures as expected. During the reading task heart rate increased from 78.25 bpm in the 1.0% CO2 exposure condition to 85.3 bpm in the 5.5% CO2 exposure condition with a 6.98 bpm increase across conditions. The observed increase in heart rate across conditions was expected in association with the increase in inspired CO2.
The pattern between breath rate and tidal volume observed in the 1.0% condition, a lower-than-average breath rate and a higher-than-average tidal volume, are consistent with observations taken in studies of breathing during deep sea diving where participants encounter increased ventilation resistance.39,40,41 In the current study breathing resistance was associated with exhalation resistance from the high flow rate of 70 liters per minute which makes it difficult for participants to exhale through the pressure balanced exhalation port of the MBU-20/P. This was done to simulate mask over pressurization events thought to occur in-flight due to significant regulator or mask valve malfunctions. Hypercarbia is known to increase breath rate, tidal volume, and minute ventilation, so it was expected that these variables would increase across the increasing CO2 exposure conditions. Average breath rate increased by 13.34 breaths per minute from the 1.0% CO2 condition to the 5.5% CO2 condition. Average tidal volume increased by 1.314 liters from the 1.0% CO2 condition to the 5.5% CO2 condition. Minute ventilation increased an average of 7.02 liters per minute. The increasing breath rate and volume observed indicate that the experimental manipulation used here resulted in significant increases consistent with an increasing hypercarbia state due to higher CO2 exposures. 
The CO2 exposures of 1.0%, 2.5%, 4.0%, and 5.5% used in the study did not negatively affect the participants' average PAT performance. The stable effect on performance during low CO2 exposures has been cited in previous studies42,43,44,45 suggesting that a threshold exits for CO2 related cognitive effects. Upon analysis, PAT performance showed improvement in association with higher CO2 exposures. When PAT Tracking was analyzed without the other subtasks, performance showed a significant increase in higher CO2 conditions when compared to the 1.0% condition. Pairwise comparisons revealed that performance in the 2.5% and 4% conditions was significantly better than performance during the 1.0% condition. This pattern of results suggests that the stress evoked by the CO2 exposures used in this study resulted in a slight improvement in performance as would be predicted by the Yerkes-Dodson curve when the magnitude of stress is on the right side of the peak.46 If participants had been exposed to higher levels of CO2 (=> 7.0%) performance would have been significantly degraded. 
The speech analysis completed using machine learning provides a strong divergence measure to identify CO2 exposure conditions when the model is trained on the user’s own speech patterns r =.89, and a strong generalized measure for a new user r =.69, when the model is trained on speech patterns from other users. The generalized model resulted in good area under the receiver operating characteristic (AUC) values in the 2.5% and 4.0% CO2 exposure conditions and excellent AUC values for correctly categorizing the 1.0% and the 5.5% CO2 exposure conditions Figure 11.
Performance in the classification task was reduced in comparison to the regression approach, as edge cases may be counted as false positives, and there was no distinction made between a close classification (e.g., 5.5% vs. a true 4.5%) and a high error classification (e.g., 1.0% vs. a true 5.5%). We also noted the expected result that conditions on either end of the spectrum were the easiest to classify when compared to the middle two conditions (2.0% and 4.5%). We did not have sufficient data to perform the divergence or combined evaluation using this classification method, as this method requires the data available typically used for testing to be allocated to training data. In future work, this could be addressed by changing the size of the splits of data between training and test.
Even with a large dataset, occasional situations can arise where the model would fail to predict an individual’s speech dynamics. With a limited amount of training data, however, the approach can quickly calibrate itself to an individual’s speech patterns to achieve very good performance. Finally, we show that a combined training method can provide excellent generalized results while incorporating individual speech qualities in cases where there may be little opportunity to collect additional training data. This study demonstrates that the machine learning approach developed in this effort to identify hypercarbia through the analysis of operator speech is a viable option for unobtrusive monitoring of operator physiologic status.	The expert user breath analysis employing both unsupervised and supervised approaches, trained on each individual participant’s features and evaluated on the same participant’s holdout data, demonstrated excellent predictability and diagnostic capabilities. The unsupervised approach demonstrated the most predictive ability when compared to the ground truth with a significant correlation coefficient of 84.5. When one outlier was removed (participant number 1340) the average accuracy of the model improved to 85.91%. This approach also resulted in a high AUC for a diagnostic instrument. The unsupervised approach is trained for each participant separately, low accuracy for a participant, e.g., 1340, indicates that the participant did not have consistent breathing patterns and breathing techniques when they became hypercapnic. When we use the known CO2 levels, 1.0%, 2.5%, 4.0%, and 5.5%, of a participant for the training model, the model learns the participant breathing patterns and techniques at these CO2 exposure conditions and can identify and classify these patterns into different CO2 exposure levels. However, if the participant uses different breathing patterns during the same CO2 exposure level (e.g., at 1.0%) the ability of the model to discriminate the breathing patterns for that same CO2 exposure level decreases. For example, if the participant holds his or her breath for 30 seconds when exposed to 5.5% CO2, and then the participant begins to breath, the algorithm sees two different patterns (not breathing and breathing in 5.5% exposure). Thus, if we train the model on the breathing pattern of the same participant exposed 5.5%, but the person holds their breath, the algorithm will not accurately identify the CO2 level (because the person is not breathing). The unsupervised expert user approach, trained on each individual’s personal breathing features, resulted in excellent AUC results supporting its accuracy as a diagnostic tool to discriminate between CO2 exposure conditions Figure 12 shows the ROC of the experiment, and Table 8 shows the AUC for each CO2 level. 									The expert user supervised approach, which also trained on each participant’s individual data, was associated with the second most predictive ability when compared to ground truth with a significant correlation coefficient of 78.32 which improved to 83.10 when three outliers were removed. Like the unsupervised approach, participants with low accuracy using this approach have similar breathing patterns during different CO2 exposure conditions. For example, if the participant holds their breath during 1.0% and 4.0% CO2 exposure conditions, the unsupervised algorithm will put the samples from 1.0% and 4.0% into one cluster, lowering the accuracy. Such issues would eventually be reconciled as the model incorporated more data. The supervised approach also demonstrated excellent AUC values demonstrating its accuracy as a diagnostic instrument. Figure 14 shows the ROC of the experiment, and Table 9 shows the AUC for each CO2 level.												The K-folding approach that trained a model using average data to predict the ground truth of a new user not included in the training data yielded the lowest predictive power with an average correlation of 51.65. It did, however, result in good to excellent AUC values suggesting that it too may hold some promise as a diagnostic tool Figure 16. Applying a trained model to a new participant is the most challenging task because the trained model is not tailored to accommodate the new participant’s individual features. This is a well-known issue in machine learning and data analytics and exists across different application domains such as recommendation systems like Netflix. As we expected, the overall accuracy of the system is reduced because the trained model struggles to detect CO2 levels of a new participant with a new breathing pattern and strategy. This issue will be resolved as more training samples from different individuals are collected. More advanced analytical approaches will also increase the accuracy of the model. However, these advanced methods require a lot of training samples. Figure 17 shows the accuracy of the CO2 level detection and classification for each participant. In this figure, the accuracy reported for each participant is the accuracy of the test on that participant when the model is trained on the remaining participants. Participants with low test accuracy (e.g., 4143) had significantly different breathing patterns and techniques while under the CO2 exposure conditions when compared to the other participants. When a new user has a breathing pattern similar to the other participants, the trained model can identify the correct CO2 level breathing patterns, resulting in higher accuracy. The K-folding approach may be useful to provide predictions based on average users while the expert user approach models each individual’s feature set.
7.0 	CONCLUSION

The current study demonstrates that analysis of speech and breath features through a machine learning approach shows great promise as a tool to diagnose hypercarbia using the standard microphone mounted in the MBU-20/P. This was especially true for distinguishing between the lowest (1.0%) and highest (5.5%) exposure levels. The current results provide a proof-of concept to justify further research and development of machine learning approaches of acoustic features of speech and breath to detect significant changes in operator state due to CO2. The ability to monitor sudden changes in physiological status through analysis of features present in speech and breath would have far reaching implications beyond hypercapnia detection. This technique could easily be adapted to identify and mitigate many other operational stressors present in tactical aviation such as, hypocapnia, hypoxia, and breathing resistance associated with malfunctioning life support equipment. For example, recent studies have identified multiple issues with the standard aviation mask most used by the US military, the MBU-20/P. The current approach could be used to identify auditory features that are associated with fluttering valves mask leaks, and exhalation resistance. The approach may also provide an indication of regulator function that would be useful to diagnose and root causes for in-flight physiological episodes. More studies should be conducted to further refine and validate these techniques on additional research participants 
	The real-time analysis of breath and speech and other sounds that can be captured through communication equipment already present in the MBU-20/P represents a significant addition to the suite of tools being developed to track operator status in-cockpit across military tactical aviation. Systems could be calibrated to each operator during aviation training exposures like hypoxia familiarization and then continue to follow the individual through primary flight training into their operational squadrons to develop expert user models based on each operator’s individual features. 
	The machine learning tools developed through this effort also hold promise for real-time monitoring in extreme environments where individuals are breathing on artificial life support systems. An example of an artificial life support system is the self-contained breathing apparatus used by divers, first responders, and astronauts. Machine learning could provide the ability to track physiological status of these operators and the function of the life support system in-real-time during real world scenarios using standard communication systems. The current approach may also be useful for tracking patient status during en route care operations or in other emergency medicine settings when patients are receiving respiratory therapy. 
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LIST OF ABBREVIATIONS AND ACRONYMS

AFRL: Air Force Research Laboratory
ALS: Amyotrophic Lateral Sclerosis
AMI: Adaptive Multi-agent Integration
ANOVA: Analysis of Variance
AUC: Area Under the Curve
AUROC: Area Under the Receiver Operating Characteristic
BGoD3000: Blended Gas on Demand
bpm: beats per minute
CO2: Carbon Dioxide
COPD: Chronic Obstructive Pulmonary Disease
EA-6Bs
F-22
F-35
F/A-18
FDA: Food and Drug Association
HAM-D: Hamilton Depression Rating Scale
IHMC: Institute for Human and Cognition
MATSG-21: Marine Aviation Training Support Group-21
MFCC: Mel-frequency cepstral coefficient
PAT: Performance Assessment Tool
PaCO2: Partial Pressure of Carbon Dioxide
MBU-20/P: Combat Edge Oxygen Mask
mmHg: millimeters of mercury  
O2: Oxygen
ROC: Receiver Operating Characteristics
RMS: Root Mean Square
SpO2: Oxygen Saturation
T-45: Boeing T-45 Goshawk two-seat Naval jet training aircraft
T-6: Beechcraft T-6 Texan II two-seat Naval turboprop training aircraft
TBI: Traumatic Brain Injury
TCM: Transcutaneous Monitor
UPEs: Unexplained Physiologic Episodes
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