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SENSING SYSTEM WITH FEATURES FOR DETERMINING PHYSIOLOGICAL 

METRICS OF A SUBJECT AND FOR PREDICTING ELECTROPHYSIOLOGICAL 

EVENTS OF A SUBJECT 

RELATED APPLICATIONS 

[0001] This application claims priority to U.S. Provisional Application No.  

63/333,832, filed on April 22, 2022 and U.S. Provisional Application No.  

63/402,756, filed on August 31, 2022. The entire contents of which are hereby 

incorporated by reference.  

TECHNICAL FIELD 

[0002] This document describes systems and computer-implemented 

methods for providing improved determination of a physiological metrics of a 

subject.  

BACKGROUND 

[0003] Neurodegenerative disorders and diseases can be difficult to detect 

for early intervention, and the early signs of neurodegeneration can go unnoticed 

until intervention may be too late. Early detection of accelerated decline in brain 

anatomy and function can lead to early intervention, which is the time when 

interventions are most effective. Neurodegenerative disorders such as 

Alzheimer's, Huntington's, Parkinson's, and others can occur as people get older.  

Neurodegeneration can occur at various different chronological ages for different 

people based on a variety of factors such as such as demographics (e.g., gender, 

race, ethnicity or family histories), health conditions, health diagnoses, current or 

prior behaviors (e.g., smoking, alcohol consumption, exercise, diet, among 

others), historical behaviors, and environmental factors.  

[0004] While a chronological age can be easily determined, a person's 

brain age may differ from their chronological age. In some instances, 

neurodegeneration can cause a person's brain age to be greater (i.e., older) than 

their chronological age. Accordingly, brain age has been used as a biomarker of 

aging, due to the effects of age on the structural and functional properties of the 

human brain.  
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[0005] Current solutions to determine a person's brain age use structural 

and functional MRI scans or laboratory-based polysomnographic (PSG) 

recordings, which are costly, inappropriate as a large-scale screening tool, and 

inappropriate for continuous monitoring over multiple nights.  

[0006] The four phases of sleep include a stage referred to as deep sleep, 

slow wave sleep (SWS), or N3 sleep. Each of the four phases of sleep have 

physiologic characteristics and benefits that can differ between the phases. Deep 

sleep has a role in declarative memory consolidation, as well as a restorative role 

associated with energy restoration, immunity, hormone regulation, and cleaning 

of metabolites.  

[0007] Closed-loop auditory stimulation of sleep slow oscillations (SOs) is 

an approach to deep sleep enhancement. However, sensory (e.g., auditory) 

stimulation during sleep is often applied at times that do not correctly correspond 

to the aimed sleeping patterns of a subject, such as the positive SO peak.  

Additionally, bioelectrical signals (e.g., electroencephalogram or EEG signals) 

can include signal noise that is challenging to filter in real time because filtering 

introduces shape and phase distortions in bioelectrical signals (e.g., EEG).  

SUMMARY 

[0008] This document describes techniques, methods, and systems for 

determining physiological metrics of a subject and for real-time prediction of 

events of a subject's brain function. Some embodiments of systems and 

methods detailed herein include providing improved device and method that 

extract and analyze biological features during sleep from EEG and other 

biosensors, and user characteristics (e.g., gender, race, ethnicity or family 

histories), health conditions, health diagnoses, current behaviors, and historical 

behaviors (e.g., use of alcohol, drugs, exercise, etc.) and environmental factors .  

The biological features and user characteristics can be analyzed and compared 

to biological features and user characteristics of the same by age group, by the 

same gender, or by other groups or factors to calculate physiological metrics of 

the subject and provide a level of confidence for the calculated metrics. For 

example, the other groups can include groups based on activity level, geographic 

location, education level, professional level, lifestyle groups, pre-menopausal and 
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post-menopausal groups, menstrual cycle groups, among others. In some 

aspects, the physiological metrics can be a biological brain age of the subject.  

[0009] In some embodiments, a system for use in determining metrics of a 

subject is provided. The system includes one or more processors and a memory 

storing instructions that, when executed by the processors, cause the processors 

to perform operations. The operations may include: receiving physiological 

measures of the subject recorded at least partly while the subject is asleep. The 

instructions also include receiving demographic data for the subject, the 

demographic data may include a chronological age for the subject when the 

physiological measures were recorded. The instructions also include generating, 

using the physiological measures and from the demographic data, segmented 

training-data that specifies a plurality of epochs of time and data for the subject in 

each epoch. The instructions also include generating, using the segmented 

training-data, sleep-structure features for the subject. The instructions also 

include selecting a subset of the sleep-structure features as selected features.  

The instructions also include generating, using the selected features, one or more 

function-metric classifiers may include training a model that defines at least one 

relationship between the physiological measures and the chronological age, the 

function-metric classifier configured to: receive, as input, new physiological 

measures. The instructions also include provide, as output, a function-metric 

value determined based on the defined relationship between the physiological 

measures and the chronological age.  

[0010] Implementations may include one or more of the following features.  

The demographic data includes at least one of the group consisting of an 

identifier, a gender, sociodemographic data, medical data, behavioral data, and 

lifestyle data that have been entered by the subject into an input device of the 

system. The physiological measures of the subject may include at least one of 

the group consisting of a frontal electroencephalography (EEG) channel, two 

frontal EEG channels, forehead photoplethysmography (PPG), blood oxygen 

saturation (SPO2), electromyography (EMG), electrooculography (EOG), 

electrodermal activity (EDA), and actigraphy data. The physiological measures of 

the subject can be recorded at least partly while the subject is asleep and 

provided with at least one stimuli of the group consisting of audio stimuli, light 

stimuli, vibratory, electrical stimuli, open-loop stimuli, and closed-loop stimuli; and 
3
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the physiological measures may include timing info defining timing of stimuli 

provided to the subject.  

[0011] Implementations may include one or more of the following features.  

Generating, using the physiological measures and from the demographic data, 

segmented training-data may include: applying band-pass filters to at least some 

of the physiological measures; combining at least two frontal/prefrontal EEG 

signals to create a virtual frontal/prefrontal EEG signal; detecting artifacts in the 

acquired signals, e.g. movement artifacts; extracting heartbeat times from PPG 

signals by detecting peaks in the PPG signals; segmenting the physiological 

measures into a plurality of epochs of time; generating, for each epoch of time, at 

least one of the group may include of multiple time-domain features, frequency 

domain features, and nonlinear or complex signal descriptives; accessing tagging 

data that tags each epoch of time with a sleep stage from the group may include 

of wakefulness, rapid eye movement (rem) sleep, non-rem sleep stage 1 (n), 

non-rem sleep stage 2 (n2), non-rem sleep stage 3 (n3), and non-rem sleep 

stage 4 (n4). Generating, using the segmented training-data, sleep-structure 

features for the subject may include: determining macrostructure features for the 

subject describing at least one of the group may include of sleep-stage duration, 

sleep-stage percentage, sleep-stage transition probability, sleep fragmentation, 

and awakenings; determining microstructure features for the subject describing at 

least one of the group may include of stage-specific EEG features, waveform

specific EEG features, and stimulus-response EEG features; determining cardiac 

features for the subject using at least one of the group may include of heartbeat 

times and tagging data that tags epochs of time with sleep stage; and 

determining respiratory features for the subject describing at least one of the 

group may include of blood oxygenation, heart rate, heart beat times, and sleep 

apnea, using at least one of the group may include of blood oxygen saturation 

(SP02) and the tagging data.  

[0012] Implementations may include one or more of the following features.  

Selecting a subset of the sleep-structure features as selected features may 

include: transforming at least one of a plurality of features selected from the 

group may include of macrostructure features, microstructure features, cardiac 

features, and respiratory features; and aggregating sleep-structure features from 

multiple sleep-sessions. Selecting a subset of the sleep-structure features as 
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selected features may include sequentially calculating the cross-validated mean 

absolute error (MAE) with a regression model, where the regression model is an 

extreme learning machine (ELM) regressor, a least absolute shrinkage and 

selection operator (LASSO), or a regression model trained under the Gradient 

Boosting framework (e.g. gradient boosted trees).  

[0013] Implementations may include one or more of the following features.  

Training the model that defines at least one relationship between the 

physiological measures and the chronological age may include determining 

hyperparmeters for the model using a Bayesian optimization algorithm targeting a 

repeated k-fold cross-validation using at least one of the group may include of a 

regression problem; a regression with a loss function based on a residual-label 

covariance analysis; a deep label distribution learning algorithm based on neural 

networks; a cascade of a multi-class classification model (e.g. a support vector 

machine) followed by several regression models where each is trained for a 

specific demographic or physiological class (group). Training a model that defines 

at least one relationship between the physiological measures and the 

chronological age may include refining the model to reduce age-dependent bias.  

The classifier is further configured to provide, as output, at least one of the group 

may include of a confidence value, a variance-from-chronological-age value, a 

model interpretation, an interpretation of the model's output, a human-readable 

instruction displayable to a user of an output device, and an automation

instruction that, when executed by an automated device causes the automated 

device to actuate. The operations further may include distributing the function

metric classifiers to a plurality of user devices that are configured to sense new 

physiological measures of other subjects at least partly while the other subjects 

are asleep. The operations further may include: receiving new physiological 

measures of the subject recorded at least partly while the subject is asleep and 

recorded after the function-metric classifiers have already been generated; 

submitting the new physiological measures to at least one of the function-metric 

classifiers as the input; and receiving as output from the at least one function

metric classifier the function-metric value.  

[0014] In an example embodiment, a method for providing stimulation to a 

subject is provided. The method can include receiving a data-stream for the 

subject, the data-stream comprising a real-time EEG signal generated by one or 
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more EEG sensors gathering data of ongoing brain activity of the subject; 

identifying in the data-stream a record of a current slow oscillation (SO) that 

contains data of an incomplete SO of the ongoing brain activity; extracting one or 

more SO features for the current SO from the record of the current SO; 

determining, from the SO features, one or more predicted SO values, the 

predicted SO values each being a prediction of a future event at which the 

current SO will exhibit a target morphology.  

[0015] Implementations may include one or more of the following features.  

The method can include engaging a stimulation device to provide the subject with 

a stimulation signal based on the predicted SO values such that the subject 

receives the stimulation signal while the brain activity of the subject is generating 

the current SO. The method can include determining a delay interval based on 

the predicted SO values; delaying for the delay interval; and sending an 

activation command to the stimulation device upon expiration of the delay 

interval. The method can include engaging the stimulation device comprises 

determining that the current SO is a typical SO. The method where the one or 

more SO features that are extracted are selected from the group (SO group) may 

include of i) a positive-to-negative zero-crossing (zxl), ii) a negative-to-positive 

zero-crossing (zx2), iii) a point after zx1 at which a slope of the data-stream falls 

under a negative threshold steadyyl, iv) SO negative peak timing (negtime), v) 

a point before zx2 at which the data-stream falls under a defined positive 

threshold (steady), vi) a SO positive peak timing (pos-time), and vii) a points at 

which data-stream value exceeds a defined percentage of the SO negative peak 

amplitude (negpercent). The one or more predicted SO values are also selected 

from the SO group. The one or more SO values are different than the SO group.  

The method can include determining, from the SO features, one or more 

predicted SO values may include submitting, to a so-classifier, the SO features 

and receiving the predicted SO values. The so-classifier is created via training on 

a dataset of training-so features and matching training-so values. The dataset is 

constructed to exclude atypical training-so features. The classifier is retrained 

using the SO features of a single night's sleep during the single night's sleep. The 

classifier is trained for a specific morphological type of SO. The classifier is 

trained for the subject using training data from the subject. The classifier is 

trained in real-time using the data from a current sleep session. The method can 
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include determining of one or more predicted SO values is responsive to 

determining that the subject is in a particular sleep stage Implementations of the 

described techniques may include hardware, a method or process, or computer 

software on a computer-accessible medium.  

[0016] In an example embodiment, a system for providing stimulation to a 

subject is provided. The system can include a data acquisition device that can 

include a body, one or more EEG sensors, and at least one stimuli generator.  

The system also includes one or more processors and memory storing 

instructions that, when executed by the processors, cause the processors to 

perform operations. The operations may include: receiving a data-stream for the 

subject, the data-stream may include a real-time EEG signal generated by the 

one or more EEG sensors gathering data of ongoing brain activity of the subject; 

identifying in the data-stream a record of a current slow oscillation (SO) that 

contains data of an incomplete SO of the ongoing brain activity; extracting one or 

more SO features for the current SO from the record of the current SO; and 

determining, from the SO features, one or more predicted SO the predicted SO 

timings each being a prediction of a future event (e.g., time, amplitude, category) 

at which the current SO will exhibit a target morphology.  

[0017] Implementations may include one or more of the following features.  

The system where the body is a headband that includes a curved shape that is 

configured to extend around each ear of a subject and under a nape of the back 

of a subject's head. The operations may include: engaging the at least one stimuli 

generator to provide the subject with a stimulation signal at the predicted SO 

values such that the subject receives the stimulation signal while the brain activity 

of the subject is generating the current SO. The stimuli generator generates 

audio stimuli. The operations may include: determining, from the SO features, 

one or more predicted SO values may include submitting, to a so-classifier, the 

SO features and receiving the predicted SO values. The one or more SO features 

that are extracted are selected from the group (SO group) may include of i) a 

positive-to-negative zero-crossing (zxl), ii) a negative-to-positive zero-crossing 

(zx2), iii) a point after zx1 at which a slope of the data-stream falls under a 

negative threshold steadyyl, iv) SO negative peak timing (negtime), v) a point 

before zx2 at which the data-stream falls under a defined positive threshold 

(steady), vi) a SO positive peak timing (postime), and vii) a points at which data
7
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stream value exceeds a defined percentage of the SO negative peak amplitude 

(negpercent). The method where engaging the stimulation device may include: 

determining a delay interval based on the predicted SO values; delaying for the 

delay interval; and sending an activation command to the stimulation device upon 

expiration of the delay interval. Implementations of the described techniques 

may include hardware, a method or process, or computer software on a 

computer-accessible medium.  

[0018] Implementations may include one or more of the following features.  

The method where engaging the stimulation device may include: determining a 

delay interval based on the predicted SO values; delaying for the delay interval; 

and sending an activation command to the stimulation device upon expiration of 

the delay interval. Implementations of the described techniques may include 

hardware, a method or process, or computer software on a computer-accessible 

medium.  

[0019] Particular implementations can, in certain instances, realize one or 

more of the following advantages. For example, the described systems and 

methods can advantageously provide users with the ability to assess their 

functional metrics in a single night's sleep or over multiple nights' sleep. This can 

provide the user a short-term result based on a single night's sleep and a longer 

term result based on multiple nights' sleep data that can be compared to identify 

trends. By providing a result based on multiple nights' sleep, the described 

systems and methods can advantageously mitigate the issue of night-to-night 

variability in the used biological sleep features. The users can also be provided 

with assessments of their physiological metrics that are consistent with early 

signs of cognitive decline. Additionally, the determined brain age from the 

described systems and methods can be obtained and provided to the subject 

when the subject is in their normal sleep environment (e.g., at home). This 

provides data to the user when they are not disturbed by anxiety, not in an 

unfamiliar environment or uncomfortable bed, or other factors that would impact 

their ability to sleep normally. The described systems and methods do not involve 

a technician installing multiple uncomfortable leads on the subject, which can be 

advantageous for the subject because the system is much accessible as well as 

being more time and cost effective than a sleep-study, MRI, or other brain 

function tests that take place in a clinical environment. The system can also be 
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used to monitor effectiveness of clinical or wellness interventions. For example, 

the system can assess if a medication, drug, or other intervention slowed the 

progression of brain age for the subject. The system can assess if taking up 

meditation, improving sleep hygiene, exercising, or joining peer groups have an 

impact on the progression of brain age.  

[0020] Because SO-spindle coupling is believed to be impaired during 

traumatic brain injury (TBI), this technology can be used to aid in diagnosing or 

measuring severity of TBI. Limited diagnostic methods are previously available to 

detect and characterize TBI. CT and MRI scans can detect bleeding from TBI but 

struggle with detection of non-structural damage. The symptoms of mild TBI 

(mTBI) lack specificity making diagnosis challenging. However, accurate 

diagnosis is important to prevent repetitive injury and the risk of "second impact 

syndrome" in which a subject suffers a second impact injury before the previous 

injury is fully healed. In order to facilitate accurate diagnosis, an objective, 

sensitive, non-invasive way to assess TBI is required, which can be provided by 

this technology. Memory consolidation is believed to be dependent upon the 

synchronization of the hippocampus, thalamus and medial prefrontal cortex 

(mPFC) bidirectional communication during Slow Wave Sleep (SWS). TBI is 

believed to impure this synchronization. Therefore, this technology can provide a 

functional assessment of TBI and identify lingering impacts, and users (e.g., 

clinicians, patients, researchers) can trust this assessment as objective, 

sensitive, a product of a non-invasive process.  

[0021] For example, the described systems and methods can 

advantageously provide precisely timed stimulation events based on a robust 

estimation of the filter distortion based on the currently detected event in real

time. Additionally, the described systems and methods advantageously provide a 

functional relationship between the morphology of the currently detected event 

and the expected filter distortion. The systems and methods described herein 

advantageously provide a within-event approach to stimulation timing (e.g., a 

within-SO approach), such that the prediction of an outcome (e.g., the timing of 

the SO positive peak) within an ongoing event is tailored based on the 

characteristics of the ongoing event, and not only limited to previous events.  

Additionally, the described systems and methods can advantageously provide the 
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decision on whether or not to apply the sensory stimulation based on the 

morphology of the currently detected event in real-time.  

[0022] The details of one or more implementations are set forth in the 

accompanying drawings and the description below. Other features, objects, and 

advantages will be apparent from the description and drawings, and from the 

claims.  

DESCRIPTION OF DRAWINGS 

[0023] FIG 1 shows an example system for determining a functional metric 

of a subject, consistent with embodiments of this disclosure.  

[0024] FIG 2 shows an example data acquisition device on the head of a 

subject.  

[0025] FIG 3 shows an example system for determining metrics of a 

subject.  

[0026] FIG 4 shows an example process that can be used to produce 

classifiers able to evaluate subject data and generate function metrics.  

[0027] FIG 5 shows an example process that can be performed by the 

system.  

[0028] FIG 6 shows an example process for determining metrics of a 

subject.  

[0029] FIG 7 is a block diagram of computing devices that may be used to 

implement the systems and methods described in this document, as either a 

client or as a server or plurality of servers.  

[0030] FIG 8 is an example user interface showing a subject's brain age 

and estimated future brain age.  

[0031] FIG 9 shows an example system for determining a functional metric 

of a subject, consistent with embodiments of this disclosure.  

[0032] FIG 10A shows an example data acquisition device on the head of a 

subject.  

[0033] FIG 1OB shows the data acquisition device of FIG. 10A on the head 

of the subject.  

[0034] FIG 10C shows the data acquisition device of FIGS. 10A and 1OB 

removed from the head of the subject.  
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[0035] FIG 1OD shows the data acquisition device of FIGS. 10A and 1OB 

removed from the head of the subject.  

[0036] FIGs 11A-11C show an example system and data for determining 

timing of electrophysiological events of a subject.  

[0037] FIG 12 shows an example process that can be used to produce 

classifiers able to evaluate subject data and generate stimulus to a subject based 

on determined timings of electrophysiological events of the subject.  

[0038] FIG 13 shows an example process that can be performed by the 

system.  

[0039] FIG 14 shows an example process for generating stimulus to a 

subject based on determined timings of electrophysiological events of the 

subject.  

[0040] Like reference symbols in the various drawings indicate like 

elements.  

DETAILED DESCRIPTION 

[0041] This document describes techniques, methods, and systems for 

determining physiological metrics of a subject. Some embodiments of systems 

and methods detailed herein include providing improved device and method that 

extract and analyze biological features during sleep from EEG and other 

biosensors, and user characteristics (e.g., gender, race, ethnicity or family 

histories), health conditions, health diagnoses, current behaviors, and historical 

behaviors (e.g., use of alcohol, drugs, exercise, environmental factors, etc.). The 

biological features and user characteristics can be analyzed and compared to 

biological features and user characteristics of the same by age group to calculate 

physiological metrics of the subject and provide a level of confidence for the 

calculated metrics. In some aspects, the physiological metrics can be a 

biological brain age of the subject.  

[0042] This document describes techniques, methods, and systems for 

determining the timing of a subject's electrophysiological events with sufficient 

speed and precision that the predictions can be used for the timing of, for 

example, stimulus to the subject via a worn medical or wellness device as the 

subject sleeps. For example, some types of auditory, electrostimulative, or tactile 

stimulation can call for timing precision in order to be delivered during particular 
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points in a slow wave oscillation (SO) of brain activity (e.g., coordinated activity of 

large populations of neurons consisting of an alternation of active periods of Up 

states and silent periods of Down states), and this technology can be used to 

predict, based on sensing of early portions of the SO, timing of events later in the 

same SO. This can allow for accurate and fast real-time sensing, predicting, and 

stimulating, in a way that is not possible with, for example, post-sensing 

processing of SO data done after a sleep session, or from data from prior SOs in 

the same sleep session, or other sensing sessions.  

[0043] Referring to the figures, FIG. 1 illustrates an example of a system 

100 for determining physiological metrics of a subject. The system 100 can 

include a data acquisition device 101 that has one or more physiological sensors 

104 and one or more stimuli generators 105. The system 100 can include a user 

interface 106, training computer hardware 110, operating computing hardware 

116, and a data source 118. The system 100 can be configured to collect data 

from one or more subjects 108, as will be described in further detail below.  

[0044] In some aspects, the data acquisition device 101 can be worn by the 

subject 108 to collect data from the one or more physiological sensors 104. . For 

example, the data acquisition device 101 can be configured to detect, measure, 

monitor, and record brain activity using electroencephalography (EEG), eye 

activity using electrooculography (EOG), muscle activity using electromyography 

(EMG), cardiac activity using electrocardiography (ECG), respiration rate (e.g., 

using respiratory inductance plethysmography (RIP), pressure sensor, and/or a 

temperature sensor), oxygen saturation (e.g., using pulse oximetry), heart rate 

(HR), blood flow, actigraphy during sleep, or any combination thereof. The stimuli 

generators 105 can generate audio stimuli, optical stimuli, visual stimuli, tactile 

stimuli, or combinations thereof to the subject 108, and the physiological sensors 

104 can collect data that reflects the subject's 108 response to the stimuli.  

[0045] The data collected by the data acquisition device 101 can be 

communicated throughout the system 100. For example, the data from the data 

acquisition device 101 can be displayed at the user interface 106, sent to the 

training computing hardware 110, sent to the operating computing hardware 116, 

and sent to the data source 118. Each of the data acquisition device 101, the 

user interface 106, the training computing hardware 110, and the operating 
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computing hardware 116 can perform one or more of the processing steps 

described in further detail below (see e.g., FIGS. 4-6).  

[0046] Referring now to FIG. 2, an example of a data acquisition system 

200 that includes a data acquisition device 201 is shown. In some aspects, the 

data acquisition device 201 can be the data acquisition device 101 of FIG. 1. The 

data acquisition device 201 can be a head-worn sensing device that includes one 

or more sensors. The data acquisition device 201 can have a body 214 that can 

be a breathable material, for example a mesh material. The breathable material 

can allow the skin beneath the body 214 to breathe. The breathable material can 

be elastic and/or inelastic. The elastic properties of the body 214 can be 

configured to inhibit or prevent the data acquisition device 201 from slipping 

during use, such as when the user moves during sleep (e.g., when the user shifts 

position or when one of their limbs or another person contacts the data 

acquisition device 201). The body can extend partially or completely around a 

perimeter of a head 208 of a subject.  

[0047] The data acquisition device 201 can be a removably attachable 

headband, cap, hat, strip (e.g., adhesive or hook-and-loop style fastening strip), 

biased band, or any combination thereof. The data acquisition device 201 can 

have the shape of a closed or open loop (e.g., annular or semi-annular shape).  

The data acquisition device 201 can extend partially or completely around a 

perimeter of the head 208.  

[0048] The data acquisition device 201 can have a body 214 comprising 

multiple bands 215, for example, a first band 215a, a second band 215b, and a 

third band 215c. The first, second, and third bands 215a, 215b, 215c can be 

separate bands and/or can be different band portions of a single unitary band.  

For example, the first, second, and/or third bands 215a, 215b, 215c can be 

attached to or integrated with one another at attachment region 215d. The data 

acquisition device 201 can form a headband. The first band/band 

portion 215a can form a front band/strap. The second and third bands/band 

portions 215b, 215c can form back bands/straps. The data acquisition device 

201 can have a 'split band' in the back of the head 208 formed by the second and 

third straps 215b, 215c, where the bottom band (e.g., the third band 215c) can be 

configured to cup under the curve of the back of the head to reduce any potential 

slippage/movement of the headband.  
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[0049] A band adjuster 205a can enable back straps (e.g., 

bands 215b and 215c) to adjust to contour to person's head. The band adjuster 

205a can allow the second band 215b to be adjusted independently from the third 

band 215c. The band adjuster 205a can allow the third band 215c to be adjusted 

independently from the second band 215b. The band adjuster 205a can allow the 

angle between the second and third bands 215b, 215c to be adjusted.  

Alternatively or additionally, the data acquisition device 201 can have another 

band adjuster 205b that can have the same functionality as the band adjuster 

205a. The data acquisition device 201 can have one or more length adjustment 

mechanisms configured to allow the length of the one or more bands to be 

increased, decreased, and/or locked into position. For example, the data 

acquisition device 201 can have a first length adjustment mechanism 204a for the 

first band/band portion 215a, a second length adjustment mechanism 204b for 

the second band/band portion 215b, a third length adjustment mechanism 

204c for the third band/band portion 215c, or any combination thereof.  

[0050] The elastic body and slip resistant edges can be configured to keep 

one or more sensors of the data acquisition device 201 in position during use 

such that there is strong contact and less resistance to movement at the point 

where the sensors come into contact with the skin. This can advantageously 

ensure that the device sensors can have reliable contact with the skin.  

[0051] Alternatively or additionally, the data acquisition device 201 can 

have one or multiple expandable mechanisms 204a, 204b, 204c configured to 

keep the sensors of the data acquisition device 201 in position during use such 

that there is strong contact and less resistance to movement at the point where 

the sensors come into contact with the skin. The expandable mechanism can 

allow the sensors to contact the skin with precise pointed pressure (e.g., from 

pressure provided by the expandable mechanism). The expandable mechanism 

can be behind one or more sensors of the data acquisition device 201, for 

example, behind all of the sensors of the data acquisition device, or behind any 

lesser number of sensors of the data acquisition device 201. The expandable 

mechanism can be an inflatable bladder. The expandable mechanism (e.g., the 

inflatable bladder) can be configured to expand to press one or more sensors into 

the skin. The expandable mechanism can remain expanded during use.  
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[0052] The expandable mechanism can be expanded from an unexpanded 

configuration to an expanded configuration. The unexpanded configuration can 

have a first volume and the expanded configuration can have a second volume 

larger than the first volume. The first volume can be zero or greater than zero.  

The second volume can be, for example, about 1 mL to about 50 mL, including 

every 1 mL increment within this range. The expandable mechanism can be 

expanded until a predetermined pressure threshold is detected between the skin 

and one or more of the device sensors, for example, by one or more pressure 

sensors associated with the expandable mechanism. The expandable 

mechanism (e.g., inflatable bladder) can advantageously enable the data 

acquisition device 201 to create skin-sensor contacts that have known and 

reproducible skin-sensor contact pressures or other measurable quantity that can 

characterize the contact between the sensors and the skin, or that otherwise fall 

within an acceptable tolerance such that the device can accurately and precisely 

record various physiological activity of the subject (e.g., brain activity).  

[0053] The data acquisition device 201 can be configured to measure and 

collect one or more physiological parameters during sleep. For example, the data 

acquisition device 201 can be configured to detect, measure, monitor, and record 

brain activity, eye activity, muscle activity (e.g., body posture, limb movements), 

cardiac activity (e.g., heart rate, heart rate variability (HRV)), respiration activity 

(e.g., respiration rate), blood oxygen saturation, blood flow rates, or any 

combination thereof. For example, the data acquisition device 201 can be 

configured to detect, measure, monitor, and record brain activity using 

electroencephalography (EEG), eye activity using electrooculography (EOG), 

muscle activity using electromyography (EMG), cardiac activity using 

electrocardiography (ECG), respiration rate (e.g., using respiratory inductance 

plethysmography (RIP), pressure sensor, and/or a temperature sensor), oxygen 

saturation (e.g., using pulse oximetry), heart rate (HR), blood flow, actigraphy 

during sleep, or any combination thereof. The data acquisition device 201 can be 

configured to detect, measure, monitor, and record pressure and temperature, for 

example, using one or more pressure sensors and/or one or more temperature 

sensors. The data acquisition device 201 can perform polysomnography (PSG) 

tests and can collect polysomnographic data. The data that is collected is 

referred to throughout as acquired data, raw data, and/or sleep data.  
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[0054] The data acquisition device 201 can have one or more data 

acquisition modules 218 (also referred to as electronics modules 218), for 

example, 1 to 5 data acquisition modules 218, including every 1 module 

increment within this range (e.g., 2 electronics modules). For example, the data 

acquisition device 201 can have one electronics module 218. In another example, 

the data acquisition device 201 can have a plurality of data acquisition modules 

218 spaced apart around the data acquisition device 201 to provide sensors at a 

variety of positions around the head 208 of the subject to optimize data collection.  

[0055] The one or more data acquisition modules 218 can be configured to 

monitor and record one or more physiological activities during sleep. For 

example, the data acquisition modules 218 can be configured to detect, measure, 

monitor, and record brain activity, eye activity, muscle activity, cardiac activity, 

respiration activity, blood oxygen saturation, blood flow, actigraphy, or any 

combination thereof (e.g., using EEG, EOG, EMG, ECG, RIP, pulse oximetry, or 

any combination thereof, respectively). The one or more data acquisition modules 

218 can be computer interfaces, for example, brain computer interfaces (BCIs).  

[0056] The data acquisition modules 218 can have one or more electrodes, 

sensors (e.g., biosensors), accelerometers, or any combination thereof. For 

example, the data acquisition modules 218 can have one or more EEG 

biosensors, EOG biosensors, EMG biosensors, ECG biosensors, respiration rate 

biosensors, pulse oximetry biosensors, HRV biosensors, temperature sensors, 

pressure sensors, or any combination thereof, including one or more reference 

sensors and/or one or more ground electrodes.  

[0057] The data acquisition modules 218 can have a single-channel and/or 

a multi-channel EEG system. The multi-channel EEG system can be operated as 

a single channel EEG system. The EEG system (single or multi-channel) can 

include one or more EEG sensors. The data acquisition device 201 (e.g., the data 

acquisition modules 218) can have 1 to 10 EEG sensors, including every 1 EEG 

sensor within this range (e.g., 4 EEG electrodes). The data acquisition modules 

218 can have more than 10 sensors (e.g., 1 to 100 EEG sensors). The data 

acquisition modules 218 can have an EEG sensor array or an EEG sensor 

network (e.g., of 2 to 10 or more sensors). One of the EEG sensors can be a 

ground electrode. The EEG system can have one or multiple reference 

electrodes (e.g., one or two reference electrodes). The electronics 
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module 218 can have, for example, three channels of frontal EEG and one EEG 

reference sensor or three channels of prefrontal EEG and one EEG reference 

sensor. The EEG electrodes can be positioned on the forehead, for example, the 

EEG electrodes can be placed at forehead positions such as Fp1 and Fp2. The 

EEG electrodes can be placed according to the international 10-20 system.  

[0058] The data acquisition modules 218 can have 2, 3, or 4 EOG sensors.  

Two EOG sensors can detect/measure movement of one or both eyes. For 

example, two EOG sensors can be positioned to detect/measure eye movement 

of the left and right eyes (e.g., a first EOG sensor can be positioned on the right 

outer edge of the right eye and a second EOG sensor can be positioned on the 

left outer edge of the left eye), two EOG sensors can be positioned to 

detect/measure eye movement of only the left eye (e.g., a first EOG sensor can 

be positioned on the right outer edge and a second EOG sensor can be 

positioned on the left outer edge of the left eye), or two EOG sensors can be 

positioned to detect/measure eye movement of only the right eye (e.g., a first 

EOG sensor can be positioned on the right outer edge and a second EOG sensor 

can be positioned on the left outer edge of the right eye). Three EOG sensors 

can be positioned to detect/measure eye movement of the left and right eyes 

(e.g., a first EOG sensor can be positioned on the right outer edge of the right 

eye, a second EOG sensor can be positioned on the left outer edge of the left 

eye, and a third EOG sensor can be positioned between the left and right eyes).  

The three EOG sensors can selectively detect/measure eye movement of the left 

and/or right eyes, with the first and third EOG sensors configured to 

detect/measure movement of the right eye, with the second and third EOG 

sensors configured to detect/measure movement of the left eye, and with the first 

and second EOG sensors configured to detect/measure movement of the left and 

right eyes together. Four EOG sensors can be positioned to detect/measure eye 

movement of the left and right eyes (e.g., first and second EOG sensors can be 

positioned on first and second sides of the left eye and third and fourth EOG 

sensors can be positioned on first and second sides of the right eye). The "outer 

edges" of the eyes can be in line with the eyes, above the eyes and/or below the 

eyes.  
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[0059] The data acquisition system 200 can have 1 to 6 EMG sensors, 

including every 1 EMG electrode increment within this range (e.g., 2 EMG 

electrodes).  

[0060] The data acquisition system 200 (e.g., the data acquisition device 

201 and/or the data acquisition modules 218) can have 1 to 10 ECG sensors, 

including every 1 ECG electrode increment within this range (e.g., 1, 2, or 3 ECG 

electrodes). The ECG sensors can be used to measure HRV. The ECG sensors 

can be used to determine HRV.  

[0061] The data acquisition system 200 (e.g., the data acquisition device 

201 and/or the data acquisition modules 218) can have 1 to 10 heart rate 

sensors, including every 1 heart rate sensor increment within this range (e.g., 1, 

2, or 3 heart rate sensors). The heart rate sensors can be used to measure HRV.  

The heart rate sensors can be used to determine HRV.  

[0062] The data acquisition system 200 (e.g., the data acquisition device 

201 and/or the data acquisition modules 218) can have one or multiple pressure 

sensors (e.g., pressure transducers) and/or temperature sensors (e.g., 

thermocouples) configured to monitor respiration. For example, the data 

acquisition device 201 can have 1 to 4 pressure sensors, including every 1 

pressure sensor increment within this range (e.g., 1 or 2 pressure sensors). The 

data acquisition device 201 can have 1 to 4 temperature sensors, including every 

1 temperature sensor increment within this range (e.g., 1 or 2 temperature 

sensors). The pressure and/or temperature sensors can be positionable near the 

nostrils and can be configured to detect the pressure/temperature changes that 

occur when a user inhales and exhales. The pressure and/or temperature 

sensors can be attached to or integrated with the data acquisition device 

201 such that when the data acquisition device 201 is removably secured to a 

head, the pressure and/or temperature sensors are positioned in a breathing flow 

path (e.g., near the nostrils and/or mouth, for example, for mouth breathers).  

[0063] The data acquisition device 201 can have a pulse oximetry sensor 

that can be removably attachable to an ear, for example, to an ear lobe. The data 

acquisition system 200 can have a pulse oximetry sensor that can be removably 

attachable to a finger. The finger pulse oximetry sensor can be in wired or 

wireless communication with the data acquisition device 201 (e.g., to the 

electronics module 218) and/or to the data display device. The ear pulse oximetry 
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sensor can be attached to or integrated with the data acquisition device 201. The 

pulse oximetry sensor (ear and finger sensor) can be a component of a clip. The 

clip can attach to (e.g., clip to) an ear lobe or a finger. The clip can be attached to 

or integrated with the data acquisition device 201, for example, to the body 214.  

The pulse oximetry sensor can be placed on the forehead. The forehead pulse 

oximetry can be attached to or integrated in the data acquisition device 201.  

[0064] The data acquisition device 201 can have one or more pressure 

sensors (e.g., 1, 2, 3, 4, 5, 6 or more) configured to detect when the data 

acquisition device 201 is attached to a head, for example, by measuring the 

amount of force exerted against each of the pressure sensors. The data 

acquisition system 200 can be configured to detect whether the data acquisition 

device 201 is properly positioned on the head, for example, by detecting and/or 

comparing the different pressures measured by the one or more pressure 

sensors (e.g., by calculating one or more pressure differentials). The pressure 

sensors can also be used to determine whether the position can be improved or 

further optimized, for example, for more accurate and/or reliable data collection.  

The data acquisition device 201 can be activated (e.g., automatically or manually) 

when positioned on the head 208 as a result of one or more pressure sensors 

exceeding a pressure threshold. The data acquisition device 201 can be 

activated (e.g., automatically or manually) when positioned on the head 208 as a 

result of one or more differential pressure differentials (e.g., between two 

sensors) falling below a differential pressure threshold.  

[0065] For example, a first pressure sensor can be on a first side of the 

data acquisition device 201 and a second pressure sensor can be on a second 

side of the data acquisition device 201. The pressure sensors can be separated 

by about 1 degree to about 180 degrees as measured from a center of the data 

acquisition device 201 (e.g., along a longitudinal and/or transverse axis), 

including every 1 degree increment within this range. The center of the data 

acquisition device 201 can fall between two inner sides of the device such that 

the device center is not on the body and/or edges of the data acquisition device 

201. A 180 degree separation can correspond to a configuration in which the first 

and second pressure sensors are diametrically opposed from one another.  

Angles less than 180 degrees can correspond to configurations in which the first 

and second pressure sensors are on opposite sides of the device, determined for 
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example relative to a reference axis. Angles less than 180 degrees can 

correspond to configurations in which the first and second pressure sensors are 

on the same side of the device, determined for example relative to a reference 

axis. The first and second pressure sensors can be used to determine a side-to

side or a front-to-back pressure differential of the data acquisition device 

201 (i.e., the pressure levels on the left side, right side, front side, and/or back 

side of the data acquisition device 201). Four pressure sensors can be used to 

determine side-to-side and/or front-to-back pressure differentials of the device 

when removably attached to a head. The angles between sensors can be from 

about 1 degree to about 180 degrees, including every 1 degree increment within 

this range.  

[0066] The data acquisition system 200 (e.g., the data acquisition device 

201, a user's device, and/or a remote server) can determine whether the data 

acquisition device 201 is properly or improperly positioned by analyzing the 

pressure readings of the one or more pressure sensors. The data acquisition 

system 200 can assess the quality of the data signals from the data acquisition 

modules 218 to ensure proper stability and contact of data acquisition modules 

218 is occurring to ensure high quality data is being obtained by the data 

acquisition device 201. If properly positioned, the data acquisition device 201 

can automatically begin collecting data (e.g., immediately or after one or more 

additional conditions are satisfied). The data acquisition device 201 can collect 

data when not positioned properly, however, some of the data may have 

accuracy, precision and/or reliability issues, or some of the data may be missing 

altogether (e.g., pulse oximetry data). The data acquisition system 200 can notify 

the user that the data acquisition device 201 is not positioned properly.  

Additionally or alternatively, the data acquisition system 200 can be configured to 

determine whether the data acquisition device 201 is properly positioned by 

measuring the voltage drop across one or more sensors of the data acquisition 

modules 218).  

[0067] The data acquisition device 201 can begin collecting data when one 

or more conditions are satisfied (e.g., 1 to 5 or more conditions). The data 

acquisition device 201 can begin collecting data when a proper position is 

detected. The data acquisition device 201 can begin collecting data when the 

data acquisition system 200 detects that the user is in a sleeping position and/or 
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when the user is in a sleeping location, for example, for a predetermined amount 

of time (e.g., immediately (no time), or after 1 min to 5 min or more have 

elapsed). The sleeping location can be established or otherwise settable by the 

user. For example, the data acquisition device 201 can begin collecting data after 

first, second, third, and/or fourth conditions are satisfied. The data acquisition 

device 201 can begin collecting data immediately after any one condition or 

combination of conditions is satisfied. The first condition can correspond to 

correct device placement (e.g., of the data acquisition device 201). The second 

condition can correspond to user input (e.g., selection of a command prompt).  

The third condition can correspond to a position of the device relative to the 

environment, for example, whether the orientation of the data acquisition device 

201 is in a position indicative of a sleeping position of the user (e.g., lying down, 

either prone, supine, or on side). The fourth condition can correspond to a 

location of the user (e.g., on a bed). Sleep data collection can begin when the 

pressure sensors detect that the data acquisition device 201 is properly attached 

to a head or when the data acquisition modules 218 begin collecting data.  

[0068] The data acquisition device 201 can have one or more temperature 

sensors (e.g., 1, 2, 3, 4 or more temperature sensors) configured to monitor a 

user's body temperature. The temperature sensors can be temperature 

transducers (e.g., thermocouples). The temperature sensor can be attached to or 

integrated with the data acquisition device 201. The temperature sensors can be 

configured to detect when the data acquisition device 201 is attached to a head, 

for example, by detecting a body temperature. An environment temperature 

sensor can be configured to measure environmental temperature. The 

environment temperature sensor can be one of the temperature sensors of the 

data acquisition device 201. The environment temperature sensor can be a 

temperature sensor of a sleeping location (e.g., house or apartment). The data 

acquisition system 200 can determine a user's optimum sleeping temperature 

and suggest a sleeping temperature for the user, for example, from about 60 

degrees Fahrenheit to about 85 degrees Fahrenheit, including every 1 degree 

increment within this range.  

[0069] The data acquisition system 200 (e.g., the data acquisition device 

201 and/or the data acquisition modules 218) can have one or more 

accelerometers (e.g., one accelerometer). The accelerometer can be attached to 
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the data acquisition device 201 or can be wirelessly connected (e.g., located at 

the subject's wrist, finger, or other location). In some aspects, the accelerometer 

can detect limb movements of the subject. The accelerometer can detect a user's 

positional state, for example, a user's movement. The accelerometer can be a 

two-axis accelerometer. The accelerometer can be a three-axis accelerometer.  

The accelerometer can be configured to detect head, body, and/or limb 

movements, or any combination thereof. The accelerometer can be used to 

detect lack of movement as well, for example, the length of time in a single 

position without movement or with movement within a specified tolerance (e.g., 

voltage level or movement amount, for example, 5 cm or less).  

[0070] The electronics modules (e.g., data acquisition modules 218) can 

include, for example, three channels of frontal EEG and one EEG reference 

sensor to detect brain wave activity, a heart rate sensor to monitor cardiac activity 

(e.g., RR variability), an accelerometer (e.g., two or three axis accelerometer) to 

detect head, body, and/or limb movements, or any combination thereof.  

[0071] The electronics module 218 can be configured to contact a user's 

skin (e.g., a user's forehead) during use. The data acquisition device 201 can 

press the EEG sensors and/or ECG sensor(s) against the user's skin (e.g., 

forehead) when secured to the head 208, for example, with an elastic fit or with 

an interference fit. Alternatively or additionally, the sensors can be adhered to the 

user's skin (e.g., forehead) using an adhesive with or without the data acquisition 

device 201.  

[0072] The electronics module 218 can be configured to measure brain 

activity, for example, during light sleep, during rapid eye movement (REM) sleep, 

during slow-wave sleep (SWS) (also referred to as deep sleep), or any 

combination thereof. The electronics module 218 can be configured to measure 

cardiac activity, for example, HRV such as RR intervals. The electronics module 

218 can be configured to detect a user's motion and/or a user's lack of motion.  

[0073] The electronics module components (e.g., channels, sensors, 

accelerometers) can be attached to or integrated with the data acquisition module 

218. The data acquisition module 218 can be permanently attached to, 

removably attached to, or integrated with the data acquisition device 201 (e.g., to 

and/or with the body 214). Additionally or alternatively, the various activity

measuring components (e.g., channels, sensors, accelerometers) can be 
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attached to or integrated with an attachment portion of the data acquisition device 

201, for example the body 214 separate and apart from the module 218. The 

module 218 can be interchangeable with one or more other modules (not shown) 

having a different number of sensors, one or more different types of sensors, or 

otherwise having at least one different parameter-measuring capability relative to 

the electronics module 218. The module 218 can be interchangeable with 

another module having the same exact module or otherwise with another module 

having the same exact parameter-measuring capabilities. Different modules 218 

can have different sizes relative to one another. Different modules 218 can have 

different shapes relative to one another.  

[0074] The data acquisition device 201, a user device, and/or a remote 

server can analyze the sleep data collected, as described in further detail below.  

The data acquisition device 201, the user device, and/or a remote server can 

determine one or more parameters from the data collected, for example, using 

one or more programmable processors. The parameters can include total light 

sleep, total SWS (also referred to as total deep sleep), total REM sleep, total non

REM sleep (total light sleep and total SWS added together), total sleep (total 

REM and non-REM sleep added together), longest deep sleep duration, deep 

sleep amplitude, strength of deep sleep, heart rate, heart rate variability, total 

time in bed, time to fall asleep, time awake between falling asleep and waking up, 

various sleep microstructure features (e.g., number of sleep slow oscillation (SO) 

events described in further detail below),or any combination thereof. The time

based parameters (e.g., the "total," "duration," and "time" parameters) can be 

measured in the time domain, for example, using seconds, minutes, hours. Days, 

weeks and years can be used for accumulated and/or running totals.  

[0075] The total time in bed parameter can be measured from a start point 

to an end point. The start point can correspond to when the user manually 

activates the data acquisition device 201, for example, by selecting a start 

instruction (e.g., "ready to sleep") on the display 22. The start point can 

correspond to when the data acquisition device 201 is activated (e.g., 

automatically or manually). The data acquisition device 201 can be automatically 

activated, for example, when a voltage is detected across two or more sensors of 

the module 218 (e.g., across two or more of the EEG electrodes). The voltage 

can indicate contact with skin and cause the data acquisition device 201 to begin 
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measuring the total time in bed. The data acquisition device 201 can have a 

timer. The data acquisition device 201 can be automatically activated when 

positioned on the head 208 as a result of one or more pressure sensors 

exceeding a pressure threshold. The end point can correspond to when the user 

manually deactivates the data acquisition device 201, for example, by selecting 

an end instruction (e.g., "turn off alarm" or "get sleep report") on the display 22.  

The end point can correspond to when the device is automatically deactivated.  

The data acquisition device 201 can be automatically deactivated, for example, 

when the accelerometer indicates the user is walking around or has taken the 

data acquisition device 201 off their head.  

[0076] The data acquisition system 200 can provide audio stimulation (also 

referred to as audio entrainment) using, for example, one or more sound wave 

generators 217 (e.g., 1 to 4 sound wave generators). The sound wave generators 

can be, for example, speakers. A portion of the data acquisition device 201 can 

be positionable over and/or engageable with a left and/or right ear of a user such 

that the sound wave generators 217 can emit sound into a user's ears. The 

sound wave generators 217 can be attached to, embedded in, or integrated with 

the device body. The sound wave generators 217 can be in wired or wireless 

communication with the data acquisition device 201, a user device, a remote 

server, or any combination thereof. The sound wave generators 217 can be micro 

speakers.  

[0077] Additionally or alternatively, the data acquisition system 200 can 

provide audio stimulation via bone conduction by transmitting sound signals 

through bone to a user's inner ear. The data acquisition system 200 can have 

one or more actuator assemblies 213 to provide bone conduction sound 

transmission. The actuator assemblies 213 can have an actuator (e.g., a 

transducer). The actuator can be vibratable (e.g., the actuator can be configured 

to vibrate). The actuator assemblies 213 can have a transceiver coupled to the 

actuator. The transceiver can cause the actuator to vibrate to generate sound, for 

example, when the transceiver is electronically driven with sound signals (e.g., 

from a driver and/or a controller, for example, from the data acquisition device 

201). The actuator can be a piezoelectric actuator. The piezoelectric actuator can 

be configured to move a mass to provide sound through bone. The actuator 

assemblies 213 (e.g., the actuator) can be positioned near the ear and/or on the 
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cheek. For example, the actuator assemblies 213 can be positioned on a user's 

skin proximate the zygomatic bone, the zygomatic arch, the mastoid process, or 

any combination thereof. The data acquisition system 200 can have 1 to 6 

actuator assemblies, or 1 to 6 actuators, including every 1 actuator 

assembly/actuator increment within these ranges.  

[0078] The data acquisition system 200 can provide visual/optical 

stimulation (also referred to as light entrainment) using, for example, one or more 

light emitting sources 219 (e.g., 1 to 20 light emitting sources). A portion of the 

data acquisition device 201 can be positionable over and/or engageable with a 

left and/or right eye of a user such that the light sources 219 can emit light into a 

user's eyes (e.g., through the user's closed eyelids). The data acquisition device 

201 can be configured to partially or completely cover one or both eyes. The data 

acquisition device 201 can be configured for temporary securement above or 

proximate to a user's eyes/eyelids. For example, a portion of the data acquisition 

device 201 can be configured to rest against and/or adhere to an eyebrow, the 

area proximate an eyebrow, the glabella, the nose (e.g., dorsal bridge, dorsal 

base, tip), cheek, or any combination thereof. The light sources 219 can be 

attached to, embedded in, or integrated with the data acquisition device 201.  

[0079] The data acquisition system 200 can provide audio entrainment, 

optical entrainment, cranial electrotherapy stimulation (CES), or any combination 

thereof, in addition to or in lieu of the data collection and associated analyses 

described below.  

[0080] FIG 3 shows an example system 300 for determining metrics of a 

subject, such as a brain age or a brain health score for a user of a head-worn 

sensing device (e.g., data acquisition device 201) as previously described. In this 

system, one or more training subjects 302 provide training data through 

physiological sensors 304 and user interfaces 306 (either directly or by another 

user such as an administrator or health-care provider), which can be combined 

with tagging data 308 by training computing hardware 310 to generate one or 

more function-metric classifiers 312. Operating subjects 314 can then use 

operating computing hardware 316 to collect data through physiological sensors 

318 and/or user interfaces 320 to generate one or more function metrics 322.  

[0081] Training subjects 302 are a group of subjects (e.g., human or other 

animals) that contribute data to be used as training data. For example, the 
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subjects 302 may be patients who, under a program of informed consent, provide 

some of their medical records for research purposes. In another example, the 

subjects 302 may be generally healthy representatives of a population that have 

agreed to contribute training data. The training subjects 302 may be organized 

by physiological (e.g., healthy vs having a known medical issue, menopausal 

status, menstrual cycle phase), demographic details (e.g., age, gender, 

geographic location, location of residence, education level, professional level), 

and/or groups based on lifestyle factors (e.g., activity level, past or current 

behaviours). Thus, classifiers 312 may be created for the population as a whole, 

or for particular subpopulations (e.g., stratified by health status, age, or other 

factors expected to impact the operation of the classifiers). In some cases, each 

classifier 312 may be personalized, using a single subject 302 to create or modify 

a classifier, where the training subject 302 is also the operating subject 314 so 

that their personal classifier is used later in operation.  

[0082] Physiological sensors 304 include one or more sensors that can 

sense one or more physiological phenomena of the subjects 302. In some 

cases, the sensors 304 can include sensors mounted in a head-worn device such 

as the data acquisition modules 218 of the data acquisition device 201 and the 

physiological sensors 104 of the data acquisition device 101. However, other 

arrangements are possible such as bespoke training sensors used only for the 

collection of training data, or use of data collected with other sensors for other 

purposes (e.g., use of some of, but not all, data generated in clinical sleep 

studies).  

[0083] The user interface 306 can include hardware and corresponding 

software to present user interfaces to a user (e.g., subject 302 or another user) to 

collect data about the subject 306. This can include the demographic data 

described, can present information to the subject 302 about the use of data 

collected and aid in the development of informed consent, etc. The user interface 

306 can include a personal computing device such as a desktop or laptop, a 

mobile computing device such as a phone, tablet, raspberry pi or other 

appropriate elements for user input and output.  

[0084] Tagging data 308 includes data that annotates data from the 

physiological sensors 304 and/or the user interface 306. For example, a user 

(shown or not shown) and/or an automated system (shown or not shown) can 
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annotate data from the physiological sensors 304 to mark the subject 302 as in 

states such as sleep-states. These tags in the tagging data 308 can also include 

other data that can be used in the creation of the classifiers.  

[0085] The training computer hardware 310 can receive the tagging data 

308, data from the physiological sensors 304, and/or data from the user interface 

306 to generate one or more function-metric classifiers 312. Example processes 

for such classifier creation are described in greater detail elsewhere in this 

document. The classifier 312 can, given a particular set of inputs, generate one 

or more functional metrics. These functional metrics can include values that give 

an indication of the state and/or processes of training subjects 302 while they are 

being monitored with the physiological sensors 304. One example functional 

metric is brain age, which can include an indication of a subject's brain function 

as compared to their expected brain function based on their chronological age 

and functional metrics acquired from a plurality of subjects, though other types of 

metrics can be created. Another example functional metric is sleep quality and 

sleep quality related metrics such as an amount of slow wave sleep (SWS), 

stress recovery (e.g., pre-sleep stress level and post-sleep stress level). Slow

wave sleep (SWS) can be referred to as deep sleep, and can include stage three 

of non-REM sleep. SWS can include both stage 3 non-REM sleep and stage 4 

non-REM sleep. SWS can include one of stage 3 non-REM sleep and stage 4 

non-REM sleep.  

[0086] Later, after the classifier has been created, one or more operating 

subjects can use the physiological sensors 318 and/or user interface 308 to 

provide new data to the operating computing hardware 316. The computing 

hardware can use this new data with the classifier 312 to create new functional 

metrics for the operating subjects. Said another way, the users 314 can wear a 

headband (e.g., data acquisition device 201) to bed as previously described, and 

they can be presented with a brain age or other metric created from one sleep 

session or from a group of sleep sessions (e.g., a weeks'worth of sleep). As will 

be appreciated, this can advantageously provide the users 314 with the ability to 

assess their functional metrics in a single night's sleep or over multiple nights' 

sleep to provide a short-term result based on a single night's sleep or a longer 

term result based on multiple nights' sleep data that can be compared to identify 

trends, changes over time, and can be aggregated to mitigate the night-to-night 
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variability in values of the measured physiological phenomena. The users 314 

can also be provided with assessments that are consistent with early signs of 

cognitive decline.  

[0087] For example, an otherwise healthy user 314 can use a sleep 

wearable (e.g., data acquisition device 201) to assess their cognitive function 

periodically to assess their brain function. The user 314 could use the sleep 

wearable over the course of several years where they exhibit a normal brain age 

progression. The user 314 could all of the sudden see a dramatic increase in 

their brain-age progression. Even without other symptoms, they can then go to 

their doctor, who can run clinical sleep-study or conduct an MRI scan to discover 

one or more early developing signs of neurodegenerative diseases and/or 

neurodegenerative disorders.  

[0088] Additionally, the determined brain age from the system 300 can be 

obtained and provided to the subject 314 when the subject is in their normal 

sleep environment (e.g., at home). This provides data to the user when they are 

not disturbed by anxiety, not in a comfortable bed or familiar environment, or 

other factors that would impact their ability to sleep normally. The system 300 

does not involve a technician installing multiple uncomfortable leads on the 

subject 314 which can be advantageous for the subject 314 because the system 

300 is much more accessible as well as being more time and cost effective than 

a sleep-study or other brain function tests that take place in a clinical environment 

that can include several leads attached to a subject that can have an impact on 

the subject's ability to achieve sleep results that are representative of the 

subject's normal sleep results. Additionally, the system 300 can be self

administered by the subject, without the intervention of a technician, while a 

sleep-study and a MRI include the intervention of a technician to assist in the 

testing protocol. The system 300 can provide a self-diagnostic test that provides 

the subject with a functional result that a sleep-study or MRI could not provide.  

[0089] The system 300 can also be used to monitor effectiveness of clinical 

or wellness interventions. For example, the system 300 can assess if a 

medication, drug, or other intervention slowed the progression of brain age for the 

subject 314. The system 300 can assess if taking up meditation, improving sleep 

hygiene, exercising, or joining peer groups have an impact on the progression of 

brain age. The system 300 can assess if a combination therapy (e.g., 
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administration of a drug Along with digital health intervention) has a greater 

impact on brain age than the impact of each individual intervention. The system 

300 can provide auditory stimulation of sleep slow oscillations and assess the 

impact of the auditory stimulation on slow-wave sleep. In some aspects, the 

system 300 can assess the potency of a drug, the effectiveness of a vaccine, and 

an immune-response of a subject. In some aspects, the system 300 can be 

utilized in interventions related to behavioral and lifestyle changes including the 

reduction or elimination of tobacco (or other drug) consumption, changing eating 

habits, changing drinking habits, activity level, among others.  

[0090] FIG 4 shows an example process 400 that can be used to produce 

classifiers that are able to evaluate subject data (e.g., sleep data) and generate 

functional metrics (e.g., brain age or brain health). For example, the process 400 

can be performed by the elements of the system 300 and will be described with 

reference to those elements. However, other systems can be used to perform 

the process 400 or similar processes.  

[0091] Generally speaking, the process 400 includes data collection 402

404, feature engineering 406-410, and machine learning training 412-414. In the 

data collection 402-404, data is gathered in formats in which it is generated or 

transmitted, then reformatted, decorated, aggregated, or otherwise processed for 

use. In the feature engineering 406-410, data is analyzed to find those portions 

of the data that are sufficiently predictive of a physiological function (e.g., brain 

function) to be used to train the classifiers. This can allow the discarding of 

extraneous or unneeded data, improving computational efficiency and/or 

accuracy. The machine learning training 412-414 can then use those features to 

build one or more models that characterize relationships in the data for use in 

future classifications.  

[0092] In the data acquisition 402 for example, the computing hardware 310 

can collect data from the sensors 304, from the user interface 306, and the 

tagging data 308. As will be understood, this acquisition may happen over 

various lengths of time and some data may be collected after other data is 

collected.  

[0093] In the preprocessing and classifying 404 for example, the computing 

hardware 310 can perform operations to change the format or representation of 

the data. In some cases, this may not change the underlying data (e.g., changing 
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integers to equivalent floating point numbers, marking epochs of time in time

series data), may destroy some underlying data (e.g., reducing the length of 

binary strings used to represent floating point numbers, applying filters to time

series data), and/or may generate new data (e.g., averaging two frontal EEG 

channels such as Fp1 and Fp2 to create a single, virtual prefrontal EEG signal, 

mapping annotations to the data).  

[0094] In the feature extraction 406 for example, the computing hardware 

310 can extract features from the processed and classified data. Some of these 

features can be related to sleep macrostructure, i.e. the decomposition of a sleep 

session into sleep stages (e.g., information about the proportion of sleep spent in 

a particular stage and the number of transitions between different sleep stages).  

Some of these features can be related to sleep microstructure, i.e. information 

about a sleep session based on the detection and analysis of specific waveforms 

and frequency components of the acquired data (e.g., number of SO events, 

information related to sleep spindles and SO-spindle coupling, averages of 

various EEG frequency components within a sleep stage, like average delta band 

(0,5-4 Hz) power during SWS or strength of deep sleep). Some of these features 

can be related to cardiac activity (e.g., heart rate, heartrate variability (HRV)).  

Some of these features can be related to respiratory activity and/or blood 

oxygenation (e.g., apnea-hypoxia index (AHI)). Some of this data can be related 

to stimulus-response activity (e.g., response by the subject to light, sound, 

electricity, or other stimulus including while asleep). Additionally, sleep 

microstructure features can include total numbers and stage-specific densities 

(i.e., number of events during a specific sleep stage divided by total duration of a 

specific sleep stage) of Sos, fast spindles, slow spindles, early-fast spindles, and 

late-fast spindles. Sleep microstructure features can include - Averages, 

standard deviations, and other statistical descriptives of SO morphological 

features (e.g., SO peak-to-peak amplitude, SO duration, SO negative peak 

amplitude). Sleep microstructure features can include averages, standard 

deviations, and other statistical descriptives of spindle features (e.g. spindle 

frequency, spindle duration, spindle amplitude). Sleep microstructure features 

can include averages, standard deviations, and other statistical descriptives of 

SO-spindle coupling features (e.g. relative SO-spindle phase, overlap between a 
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spindle event and the SO up-phase), among other microstructure features and 

other microstructure feature combinations.  

[0095] In the feature transformation 408 for example, the computing 

hardware 312 can modify the features in ways that preserve all data, destroy 

some data, and/or generate new data. For example, values may be mapped to a 

given scale (e.g., mapped to a log scale, mapped to scale of 0 to 1). In some 

cases, statistical aggregates can be created (e.g., mean values, standard 

variation). These aggregates may be generated from data for each sleep 

session, across the detected sleep stages, or may aggregate data across 

multiple sleep sessions.  

[0096] In the feature selection 410 for example, the computing hardware 

312 can select some of the features for use in training the model. This can 

include selecting a proper subset (e.g., some, but not all) of the features.  

[0097] In the model training 412 for example, the computing hardware 312 

can train one or more machine-learning models using the selected features. In 

some cases, one or more models are created that propose mappings between 

the features and tagged data indicating brain age for those features. Then, the 

computing hardware 312 modifies those mappings to improve the model's 

accuracy.  

[0098] In the output evaluation 414 for example, the computing hardware 

312 can generate one or more functions, sometimes called classifiers, which 

include a model. This inclusion can involve including the whole model, or may 

involve only including instructions generated from the model allowing for the 

classifier to have a smaller memory footprint than the model itself.  

[0099] Described now will be one example implementation of the process 

400. While a particular number, type, and order of details are selected for this 

implementation, it will be understood that other numbers, types, and order of 

details may be used to implement the process 400 or other processes that 

accomplish the same goals.  

[00100] In the data acquisition 402 in this implementation, basic information 

about a subject can be acquired such as one or more of a subject's: name or 

identification (ID), age, gender, other sociodemographic data, health-related 

information, physiological information (e.g., menopausal status and menstrual 

cycle information), and information related to lifestyle or behaviors (including but 
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not limited to sleep habits, tobacco/alcohol consumption, exercise, meditation, 

among others). This data can be user inputted or integrated from other devices.  

[00101] The system(s) described above can enable the real-time open-loop 

or closed-loop delivery of stimuli, which include at least one or more of audio, 

light, vibratory, or electrical stimuli, as part of the data acquisition procedure.  

[00102] The subject's raw biological information can be collected, which can 

include of at least one or more sleep recordings where each recording includes at 

least one frontal EEG channel and can include additional sensors such as: 

additional EEG channels, forehead PPG, blood oxygen saturation (SpO2), EMG, 

EOG, EDA, and actigraphy (movement) sensors. In some cases, systems can 

use two frontal EEG channels (Fpl and Fp2), with or without PPG, SpO2, and 

actigraphy. The data can be collected from full night recordings and/or less-than 

full nights (e.g., naps).  

[00103] The output of the data acquisition 402 can include each subject's 

raw biological signals and stimulus types and timings, from one or multiple 

recordings, as well as the subject's age and other basic information.  

[00104] In the preprocessing and classifying 404 in this implementation, 

preprocessing and automated sleep-stage classification can include various 

operations that may be performed on the output of the data acquisition 402. For 

example, two bandpass-filtered (0.2-40Hz) frontal EEG signals are averaged to 

obtain a single virtual frontal EEG channel. Heartbeat times are extracted from 

the filtered and demodulated PPG signal using peak detection.  

[00105] The data is segmented into discrete overlapping and/or non

overlapping epochs and each epoch is described using a set of time-domain, 

frequency-domain and other EEG features typically used for sleep stage 

classification. Each epoch is classified as either wakefulness (W), rapid eye 

movement (REM) sleep, non-REM sleep stage 1 (N1), non-REM sleep stage 2 

(N2), or deep sleep (N3), using an automatic sleep stage classification algorithm 

based on machine learning (ML) and the extracted sleep EEG features.  

[00106] Manually annotated sleep stages can be used from a PSG 

database, but other implementations can use automatically-scored stages. The 

sleep stage classification algorithm may or may not use actigraphy and HRV data 

in addition to EEG data.  
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[00107] The output of the preprocessing and classifying 404 can include 

each subject's preprocessed biological data, from one or multiple recordings, 

segmented into time-based epochs. For example, the time-based epochs can be 

segmented into 10-second, 20-second or 30-second epochs, where each epoch 

is annotated by a sleep stage, or with probabilities of belonging to each of the 

possible sleep stages (i.e. softmax output).  

[00108] In the feature extraction 406 in this implementation, sleep 

macrostructure features are computed. These macrostructure features are 

related to stage durations/percentages, stage transition probabilities, and 

fragmentation or awakenings. In an implementation where neural-network-based 

sleep stage probabilities (i.e. hypnodensity diagram) are available for each 

epoch, macrostructure features can include hypnodensity-based features, e.g.  

the maximum probability of wakefulness in a recording, or the maximum value of 

the product between the N2 and REM probability in a recording.  

[00109] From the full preprocessed EEG signal, and the obtained sleep 

stage annotations, EEG-based stage-specific sleep microstructure features are 

computed. The microstructure features include stage-specific EEG features such 

as stage-specific averages, std deviations, and other statistical descriptives of the 

time-domain, frequency-domain and other EEG features.  

[00110] From the full preprocessed EEG signal, and the obtained sleep 

stage annotations, waveform-specific EEG based microstructure features are 

created, related to slow oscillations (Sos), sleep spindles, SO-spindle coupling 

and density, and other EEG waveforms relevant in the context of aging. From 

the full preprocessed EEG signal, and the obtained sleep stage annotations, 

stimulus-response-related EEG features are created which are calculated by 

analyzing the EEG responses to stimuli which include at least one or more of 

audio, light, vibration, or electrical stimulation, which are delivered through the 

headband either in open-loop or in closed-loop while the subject is asleep.  

[00111] From the obtained heartbeat times, and the obtained sleep stage 

annotations, an array of both stage-specific and general heart rate variability 

(HRV) features are computed, based on time-domain, frequency-domain and 

nonlinear HRV analysis. From the collected SpO2 data, and the obtained sleep 

stage annotations, time-domain features related to blood oxygenation and sleep 

apnea are computed.  
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[00112] Some implementations use just sleep macrostructure features and 

EEG-based microstructure features (both stage-specific and waveform-specific) 

and do not use stimulus-response-related EEG features.  

[00113] The output of the feature extraction 406 can include each of the 

subject's recordings, either one or multiple, described with an array of sleep 

macrostructure, as well as EEG-based, HRV-based and SpO2-based sleep 

microstructure features. Total number of features can be labeled Mfui.  

[00114] In the feature transformation 408 in this implementation, the 

computed features are transformed using a log-based transformation, in order to 

remove skewness in the feature distributions. For subjects with multiple 

recordings, each feature value is determined as the mean feature value across 

either all or a subset of the available recordings. Based on the dates of specific 

recordings, and recording quality assessment (outlier detection), the process 

determines which recordings to include in calculating the mean feature values.  

Additionally, when multiple subjects with multiple recordings are available, new 

features related to night-to-night variability in specific sleep features can be used 

as inputs to the BA model (e.g. std deviation of a given features across multiple 

recordings for the given subject). Alternatively, instead of averaging the features 

for subjects with multiple recordings, final estimate of the subjects' physiological 

metric (e.g. brain age) can be determined as the mean estimate of the subjects' 

physiological metric based on either all or a subset of the available recordings.  

[00115] In some cases, just one full night's recording per subject is used. In 

some cases multiple night's recordings are used with feature averaging as the 

subject wears the headband for multiple nights or sleep sessions.  

[00116] The output of the feature transformation 408 can include data for 

each subject described with Muli transformed sleep macrostructure and 

microstructure features, which are based on either one or multiple recordings.  

[00117] In the feature selection 410 in this implementation uses a sequential 

feature selection algorithm, or the "Maximum Relevance Minimum Redundancy" 

(MRMR) feature selection algorithm, and the available training data, to select a 

subset of features to be included in the final feature set. The criterion used to 

determine the optimal feature set is the cross-validated mean absolute error 

(MAE) in predicting the subjects' chronological age (CA). An example of the 

machine learning (ML) algorithm that can be used is the extreme learning 
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machine (ELM) regressor with one or more hidden layers and the option of a 

functional link. At each iteration of the sequential feature selection algorithm, the 

average of a repeated k-fold cross-validated MAE is determined. The model 

hyperparameters are optimized using a Bayesian optimization algorithm. At each 

iteration of the cross-validation procedure, features are normalized using mean 

and std. deviation values which are determined based on data from the train 

folds. For example, gradient boosted trees, Minimum Redundancy Maximum 

Relevance (mRMR) techniques may be used. However, other machine learning 

or non-machine learning techniques can be used.  

[00118] In some cases the ELM classifier and sequential feature selection 

only are used, but other machine learning and feature selection techniques may 

provide better results based on the particulars of the system and the used 

training data. For example, other feature selection strategies (such as MRMR) 

using another error metric such as cross-validated root mean square error 

(RMSE) may be used and other types of regressions may be used such as other 

nonlinear regression models such as support vector regression (SVR).  

[00119] The output for the feature selection 410 can include each training 

subject, described with Mreduced transformed sleep macrostructure and 

microstructure features, where Mreduceds Mfuli.  

[00120] In the model training 412 in this implementation, a final set o f Mreduced 

features is used to train the prediction model. The model hyperparameters are 

determined using the Bayesian optimization algorithm, with the goal of optimizing 

the average model performance in repeated k-fold cross-validation. Multiple 

approaches are possible: classical regression; regression with a custom loss 

function based on residual-label covariance analysis; regression with adjustment 

of the age-dependent bias, a deep label distribution learning algorithm based on 

neural networks, a cascade of a multi-class classification model (e.g. a support 

vector machine) followed by several regression models where each is trained for 

a specific demographic or physiological class (group), etc.  

[00121] Using the cross-validated BA estimates from an entire dataset, or a 

relevant subset of the available data, as well as BA estimates obtained in a left

out validation set and the subjects' chronological ages, a regression analysis of 

potential Brain Age Index (BAI) covariates is conducted. BAI is here defined as 

the difference between BA and CA. Potential BAI covariates include various 
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demographic, lifestyle, and health-related variables, e.g. gender, race, having a 

sleep disorder, body mass index, drinking and smoking habits, cardiovascular 

health variables, psychological health variables, etc. Identification of statistically 

significant BAI covariates can be used to better inform the user and help provide 

personalized intervention recommendations 

[00122] In the output evaluation 414 in this implementation, output of the 

model is evaluated on new subjects. The subject's features are calculated 

according to steps 402-408, and a set of Mreduced predefined features, which were 

chosen to be most relevant for brain age prediction by the ML part of the 

algorithm.  

The trained brain age model from step 412 outputs a Brain Age estimate or other 

metric. In some cases, the output of the algorithm includes the estimated brain 

age. In some cases, a Brain Age estimate for a given subject is determined by 

averaging algorithm's outputs for multiple recordings from the same subject. In 

some cases, the output of the algorithm includes a degree of confidence in the 

output. Based on the number of nights of data, the multi-night variability of the 

data, and the tightness of the fit with the pre-built normative distribution curves, or 

any combination thereof, a confidence level is provided for each brain age 

prediction.  

[00123] In some cases, the output of the algorithm includes excess brain 

age, which is the amount or percentage by which brain age exceeds 

chronological age. For example, the user is provided with an explanation of the 

output, i.e. model interpretations. Model interpretations are provided using 

explainable Al (XAI) techniques such as Shapley Additive Explanations (SHAP) 

and local interpretable model-agnostic explanations (LIME). A predefined number 

of most important features contributing to brain age excess are shown to the 

user, each feature in terms of one or more of the following: directionality and 

strength of contribution to brain age excess, mean feature value, normative 

distribution of the specific feature adjusted by age, gender, or other potentially 

confounding factors (e.g., sociodemographic, physiological). Such output can be 

shown to a medical expert who could propose and guide future interventions 

aimed at modifying the sleep features which are contributing to the objectively 

measured brain age excess. Based on model interpretation, and based on the 

user's demographic, health, lifestyle/behavioral variables, recommendations or 
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tips can be provided to the user. Output to users can be in a variety of forms, 

including: mobile app, web app, emailed report, and others.  

[00124] FIG 5 shows an example process 500 that can be performed by the 

system 300. In the process 500, data is acquired 502 e.g., through a headband.  

A closed-loop stimulation algorithm is executed 504 to provide a subject with 

stimulation. Times and types of stimuli are recorded 506. Data is processed and 

segmented into epochs 508. Sleep stages in the data are classified by using an 

automated sleep stage classification algorithm 510. Artifacts are removed in the 

data and features are extracted 512. A log transformation is applied to at least 

some of the features 514. Basic information about the subject is collected 516.  

Sleep features and basic information are combined 518. If more recordings for 

the subject are available, they are added to a database of prior recordings 522.  

Suitable recordings are selected 524. Between-night features are averaged 526.  

If more recordings for the subject are not available, a new database entry is 

created for the new subject and the recording is added 520. It is determined if 

the subject is used in the training set 528. If the subject is in the training set, 

features are selected 530. Machine learning hyperparameters are optimized 532.  

Features are standardized 534. One or more models are trained 536. A brain 

age model is created with defined input features and z-score parameters 538. If 

the subject is not in the training set, an output is predicted 540. It is determined if 

the brain age excess exceeds a threshold 542. If the threshold is exceeded an 

XAI algorithm is executed on the data 544. Model interpretations are created 

546. Feature values are compared against normative distributions 548.  

Confidences is assessed 550. A report is made to a user 552.  

[00125] FIG 6 shows an example process 600 for determining metrics of a 

subject. The process 600 can be performed, for example, by the physiological 

sensors 304, a data source 602, the training computer hardware 310, and the 

operations computer hardware 316, though other components may be used to 

perform the process 600 or other similar processes.  

[00126] The sensors 304 sense physiological measures 604 and send the 

physiological measures to the training computer hardware 310. The training 

computer hardware 310 receives the physiological measures of the subject 

recorded at least partly while the subject is asleep. For example, one or more 

subjects can be sensed to build training data for the process 600. The 
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physiological measures of the subject can include a variety of data, including a 

frontal electroencephalography (EEG) channel, a prefrontal (Fp) EEG channel, 

two frontal EEG channels, two prefrontal EEG channels, forehead 

photoplethysmography (PPG), blood oxygen saturation (SpO2), 

electromyography (EMG), electrooculography (EOG), electrodermal activity 

(EDA), and actigraphy data collected, for example, by one or more worn devices 

that are worn while the subjects sleep.  

[00127] In some cases, the physiological measures of the subject were 

recorded at least partly while the subject is asleep. This can include instances 

where one or more devices provided the subject with at least one stimuli. The 

type of stimuli can include, but is not limited to, audio stimuli, light stimuli, 

electrical stimuli, open-loop stimuli, and closed-loop stimuli; and the physiological 

measures comprising timing info defining timing of stimuli provided to the subject 

[00128] The data source 602 provides demographic data 608 to the training 

computer hardware 310 and the training computer hardware 310 receives the 

demographic data for the subject. For example, the data sources 602 may 

include a database stored in one or more servers connected to the training 

computer hardware 310 over a data network such as the internet.  

[00129] In some cases, the demographic data includes a chronological age 

for the subject when the physiological measures were recorded. This can be 

recorded, for example, in terms of years, months, days, etc., though other 

formats are possible. The demographic data can also or alternatively include 

data for subjects such as an identifier (their legal name, a unique identifier, etc.), 

a gender, sociodemographic data, health data, behavioral, and/or lifestyle data 

that have been entered by the subject into an input device.  

[00130] The training computer hardware 312 generates 612, using the 

physiological measures and from the demographic data, segmented training

data. The segmented training-data can specify a plurality of epochs of time and 

data for the subject in each epoch. For example, each epoch may be defined as 

a time window of 15 seconds, 30 seconds, 1.125 minutes, etc. The epoch may 

overlap or may be separate such that they do not overlap and may begin at the 

ending of a previous epoch or after a period of time without an epoch defined.  

[00131] To generate the segmented data, the hardware 312 can apply one 

or more band-pass filters to at least some of the physiological measures, e.g., to 
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remove high and low values greater than and less than given thresholds. At least 

frontal EEG signals can be combined to create a virtual frontal EEG signal.  

Heartbeat times can be extracted from PPG signals by detecting peaks in the 

PPG signals. The physiological measures can be separated and/or segmented 

into a plurality of epochs of time such that each epoch includes the various 

measures of physiological function that occurred in the subject concurrently. For 

each epoch of time, features are generated that can include multiple time-domain 

features, frequency domain features, and other non-linear or complex signal 

descriptives (e.g., fractal dimension Lyapunov exponent, entropy measures, 

histogram-based features).  

[00132] The hardware 312 can use tagging data that tags each epoch of 

time with a sleep stage. Various schemes for defining sleep stage can be used.  

In one scheme, the sleep stages are classified as wakefulness, rapid eye 

movement (REM) sleep, non-REM sleep stage 1 (N1), non-REM sleep stage 2 

(N2), and non-REM sleep stage 3 (N3) and could include non-REM sleep stage 4 

(N4). In one scheme, the sleep stages are classified as awake, REM, light sleep, 

and deep sleep. In one scheme, the sleep stages are classified as awake, REM 

and nREM. In these schemes, an epoch can be tagged as an unknown (not 

tagged) sleep stage, due to data loss, low data quality, or other reasons which 

would not allow the proper functioning of the sleep stage classification algorithm.  

[00133] The training computer hardware 310 generates 614, using the 

segmented training-data, sleep-structure features for the subject. For example, 

the features of sleep-structure may conform to common sleep-structure types 

well known in the community (e.g., number of sleep SO events). In some cases, 

the features of the sleep-structure may include or only include otherwise

unknown structure types developed for this technology. Sleep-structure features 

can include, but are not limited to, macrostructure features, microstructure 

features, physiological features (e.g., cardiac features, respiratory features), and 

combinations thereof.  

[00134] Macrostructure features are determined for the subject describing 

aspects of sleep including, but not limited to sleep-stage duration, sleep-stage 

percentage, sleep-stage transition probability, sleep fragmentation, and 

awakenings. Microstructure features are determined for the subject describing 

aspects of sleep including, but not limited to stage-specific EEG features, 
39



WO 2023/205347 PCT/US2023/019286 

waveform-specific EEG features, and stimulus-response EEG features. Cardiac 

features are determined for the subject describing aspects of cardiac activity 

including, but not limited to heartbeat times and tagging data that tags epochs of 

time with sleep stage. Cardiac features can include time-domain, frequency

domain, nonlinear and complex HRV features, as well as stage-specific 

averages, standard deviations, and other statistical descriptives of those features.  

[00135] Respiratory features are determined for the subject describing 

aspects of respiratory activity for the subject including, but not limited to blood 

oxygenation and sleep apnea, using at least one of the group consisting of blood 

oxygen saturation (SpO2) data, heartbeat times, and the tagging data.  

Respiratory features can include respiratory activity and/or blood oxygenation 

features (e.g. apnea-hypopnea index (AHI), respiratory rate, deoxygenation 

level), as well as stage-specific averages, standard deviations, and other 

statistical descriptives of those features.  

[00136] The training computer hardware 310 selects 616 a subset of the 

sleep-structure features as selected features. For example, one or more 

analyses may be performed to identify identifying the subset of the sleep

structure features as those features most predictive of the chronological age of 

the demographic data.  

[00137] This selection can include transforming one or more features such 

as macrostructure features, microstructure features, cardiac features, and 

respiratory features. In some cases, sleep-structure features can be aggregated 

from multiple sleep-sessions. In some cases, sleep-structure features are 

generated from only a single sleep session. To select the features, cross

validated mean absolute error (MAE) (e.g., finding and averaging the difference, 

without regard to the sign of the differences) with an extreme learning machine 

(ELM) regressor (e.g., using a feedforward neural network such as those with 

hidden nodes having parameters that are not tuned), or some other regression 

model suitable for the task, may be performed.  

[00138] The training computer hardware 310 generates 618 one or more 

function-metric classifiers comprising training a model that defines at least one 

relationship between the physiological measures and the chronological age. For 

example, the model may predict new results based on old training data. The 

training can include determining hyperparmeters of the model or 
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hyperparameters that control learning processes for a model using a Bayesian 

optimization algorithm. This optimization algorithm can be configured to target 

various targets or loss functions, such as a model's performance in repeated k

fold cross-validation. The training can use, for example, a regression; a 

regression with a loss function based on a residual-label covariance analysis, or 

a deep label distribution algorithm.  

[00139] The training can include refining the model reduce age-dependent 

bias. For example, it may be the case that some implementations may use 

models that exhibit a mathematical bias (e.g., generation of an output set in 

which data incorrectly skews, clusters, or oscillates around one or more attractor 

point in the output space, or that applies an weighting to a parameter or set of 

parameters that is either greater or smaller than the weighting exhibited by the 

ground truth) related to age or another demographic criteria. In such a case, the 

training of the model can include refining or other editing in a way that reduces 

the bias along this parameter or multiple parameters. This refining can include 

first identifying a parameter for which the model exhibits bias, then applying one 

or more modifications to the model and/or model output to reduce or eliminate.  

For example, it may be determined that the model performs well for users of a 

given age (e.g., 24 years and older) but less well for younger users (e.g., 

producing brain age estimates that are too high for users of 0 years to 24 years, 

with error increasing the closer to 0 years). In such a case, an output

conditioning function can be applied to all outputs or outputs for users of age 24 

years or less. One such adjustment includes a linear adjustment (e.g., finding a 

constant value c, and multiplying that constant value by 24-the age of the subject, 

and then subtracting this value from the model's initial brain age estimate).  

However, other adjustments are possible including non-linear scaling.  

[00140] The training computer hardware 310 distributes 620 the function

metric classifiers to a plurality of user devices (e.g., operating computer hardware 

316) that are receive the classifier 622 and are configured to sense new 

physiological measures of other subjects at least partly while the other subjects 

are asleep. For example, with this classifier created, a manufacturer of a device 

such as a headband can include the classifier in the computing hardware of the 

headband or an application associated with the headband to run on a phone, 

computer, or other device.  
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[00141] The operating computer hardware 316 receives 624, as input, new 

physiological measures. For example, a new user may purchase or be given the 

headband, place the headband on their head, and then go to sleep as normal at 

night. The hardware 316 can receive, from one or more sensors, new 

physiological measures of the subject recorded at least partly while the subject is 

asleep and recorded after the function-metric classifiers have already been 

generated.  

[00142] The operating computer hardware 316 provides 626, as output, a 

function-metric value determined based on the defined relationship between the 

physiological measures and the chronological age. For example, the user may 

be provided with a brain age or neurologic activity report showing the functional 

metric (e.g., brain age or otherwise) on a computer screen, via a mobile 

application, or in a printed report.  

[00143] To create this metric for the user, the hardware 316 can submit the 

new physiological measures to at least one of the function-metric classifiers as 

the input; and receive as output from the at least one function-metric classifier the 

function-metric value. In addition to a single metric, the classifier can also 

provide other types of output including but not limited to a confidence value, a 

variance-from-chronological-age value, a model interpretation, a human-readable 

instruction displayable to a user of an output device, and an automation

instruction that, when executed by an automated device causes the automated 

device to actuate.  

[00144] FIG 7 shows an example of a computing device 700 and an example 

of a mobile computing device that can be used to implement the techniques 

described herein. The computing device 700 is intended to represent various 

forms of digital computers, such as laptops, desktops, workstations, personal 

digital assistants, servers, blade servers, mainframes, and other appropriate 

computers. The mobile computing device is intended to represent various forms 

of mobile devices, such as personal digital assistants, cellular telephones, smart

phones, and other similar computing devices. The components shown here, their 

connections and relationships, and their functions, are meant to be exemplary 

only, and are not meant to limit implementations of the inventions described 

and/or claimed in this document.  
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[00145] The computing device 700 includes a processor 702, a memory 704, 

a storage device 706, a high-speed interface 708 connecting to the memory 704 

and multiple high-speed expansion ports 710, and a low-speed interface 712 

connecting to a low-speed expansion port 714 and the storage device 706. Each 

of the processor 702, the memory 704, the storage device 706, the high-speed 

interface 708, the high-speed expansion ports 710, and the low-speed interface 

712, are interconnected using various busses, and can be mounted on a 

common motherboard or in other manners as appropriate. The processor 702 

can process instructions for execution within the computing device 700, including 

instructions stored in the memory 704 or on the storage device 706 to display 

graphical information for a GUI on an external input/output device, such as a 

display 716 coupled to the high-speed interface 708. In other implementations, 

multiple processors and/or multiple buses can be used, as appropriate, along 

with multiple memories and types of memory. Also, multiple computing devices 

can be connected, with each device providing portions of the necessary 

operations (e.g., as a server bank, a group of blade servers, or a multi-processor 

system).  

[00146] The memory 704 stores information within the computing device 

700. In some implementations, the memory 704 is a volatile memory unit or 

units. In some implementations, the memory 704 is a non-volatile memory unit or 

units. The memory 704 can also be another form of computer-readable medium, 

such as a magnetic or optical disk.  

[00147] The storage device 706 is capable of providing mass storage for the 

computing device 700. In some implementations, the storage device 706 can be 

or contain a computer-readable medium, such as a floppy disk device, a hard 

disk device, an optical disk device, or a tape device, a flash memory or other 

similar solid state memory device, or an array of devices, including devices in a 

storage area network or other configurations. A computer program product can 

be tangibly embodied in an information carrier. The computer program product 

can also contain instructions that, when executed, perform one or more methods, 

such as those described above. The computer program product can also be 

tangibly embodied in a computer- or machine-readable medium, such as the 

memory 704, the storage device 706, or memory on the processor 702.  
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[00148] The high-speed interface 708 manages bandwidth-intensive 

operations for the computing device 700, while the low-speed interface 712 

manages lower bandwidth-intensive operations. Such allocation of functions is 

exemplary only. In some implementations, the high-speed interface 708 is 

coupled to the memory 704, the display 716 (e.g., through a graphics processor 

or accelerator), and to the high-speed expansion ports 710, which can accept 

various expansion cards (not shown). In the implementation, the low-speed 

interface 712 is coupled to the storage device 706 and the low-speed expansion 

port 714. The low-speed expansion port 714, which can include various 

communication ports (e.g., USB, Bluetooth, Ethernet, wireless Ethernet) can be 

coupled to one or more input/output devices, such as a keyboard, a pointing 

device, a scanner, or a networking device such as a switch or router, e.g., 

through a network adapter.  

[00149] The computing device 700 can be implemented in a number of 

different forms, as shown in the figure. For example, it can be implemented as a 

standard server 720, or multiple times in a group of such servers. In addition, it 

can be implemented in a personal computer such as a laptop computer 722. It 

can also be implemented as part of a rack server system 724. Alternatively, 

components from the computing device 700 can be combined with other 

components in a mobile device (not shown), such as a mobile computing device 

750. Each of such devices can contain one or more of the computing device 700 

and the mobile computing device 750, and an entire system can be made up of 

multiple computing devices communicating with each other.  

[00150] The mobile computing device 750 includes a processor 752, a 

memory 764, an input/output device such as a display 754, a communication 

interface 766, and a transceiver 768, among other components. The mobile 

computing device 750 can also be provided with a storage device, such as a 

micro-drive or other device, to provide additional storage. Each of the processor 

752, the memory 764, the display 754, the communication interface 766, and the 

transceiver 768, are interconnected using various buses, and several of the 

components can be mounted on a common motherboard or in other manners as 

appropriate.  

[00151] The processor 752 can execute instructions within the mobile 

computing device 750, including instructions stored in the memory 764. The 
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processor 752 can be implemented as a chipset of chips that include separate 

and multiple analog and digital processors. The processor 752 can provide, for 

example, for coordination of the other components of the mobile computing 

device 750, such as control of user interfaces, applications run by the mobile 

computing device 750, and wireless communication by the mobile computing 

device 750.  

[00152] The processor 752 can communicate with a user through a control 

interface 758 and a display interface 756 coupled to the display 754. The display 

754 can be, for example, a TFT (Thin-Film-Transistor Liquid Crystal Display) 

display or an OLED (Organic Light Emitting Diode) display, or other appropriate 

display technology. The display interface 756 can comprise appropriate circuitry 

for driving the display 754 to present graphical and other information to a user.  

The control interface 758 can receive commands from a user and convert them 

for submission to the processor 752. In addition, an external interface 762 can 

provide communication with the processor 752, so as to enable near area 

communication of the mobile computing device 750 with other devices. The 

external interface 762 can provide, for example, for wired communication in some 

implementations, or for wireless communication in other implementations, and 

multiple interfaces can also be used.  

[00153] The memory 764 stores information within the mobile computing 

device 750. The memory 764 can be implemented as one or more of a 

computer-readable medium or media, a volatile memory unit or units, or a non

volatile memory unit or units. An expansion memory 774 can also be provided 

and connected to the mobile computing device 750 through an expansion 

interface 772, which can include, for example, a SIMM (Single In Line Memory 

Module) card interface. The expansion memory 774 can provide extra storage 

space for the mobile computing device 750, or can also store applications or 

other information for the mobile computing device 750. Specifically, the 

expansion memory 774 can include instructions to carry out or supplement the 

processes described above, and can include secure information also. Thus, for 

example, the expansion memory 774 can be provided as a security module for 

the mobile computing device 750, and can be programmed with instructions that 

permit secure use of the mobile computing device 750. In addition, secure 

applications can be provided via the SIMM cards, along with additional 
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information, such as placing identifying information on the SIMM card in a non

hackable manner.  

[00154] The memory can include, for example, flash memory and/or NVRAM 

memory (non-volatile random access memory), as discussed below. In some 

implementations, a computer program product is tangibly embodied in an 

information carrier. The computer program product contains instructions that, 

when executed, perform one or more methods, such as those described above.  

The computer program product can be a computer- or machine-readable 

medium, such as the memory 764, the expansion memory 774, or memory on the 

processor 752. In some implementations, the computer program product can be 

received in a propagated signal, for example, over the transceiver 768 or the 

external interface 762.  

[00155] The mobile computing device 750 can communicate wirelessly 

through the communication interface 766, which can include digital signal 

processing circuitry where necessary. The communication interface 766 can 

provide for communications under various modes or protocols, such as GSM 

voice calls (Global System for Mobile communications), SMS (Short Message 

Service), EMS (Enhanced Messaging Service), or MMS messaging (Multimedia 

Messaging Service), CDMA (code division multiple access), TDMA (time division 

multiple access), PDC (Personal Digital Cellular), WCDMA (Wideband Code 

Division Multiple ACCess), CDMA2000, or GPRS (General Packet Radio 

Service), among others. Such communication can occur, for example, through 

the transceiver 768 using a radio-frequency. In addition, short-range 

communication can occur, such as using a Bluetooth, WiFi, or other such 

transceiver (not shown). In addition, a GPS (Global Positioning System) receiver 

module 770 can provide additional navigation- and location-related wireless data 

to the mobile computing device 750, which can be used as appropriate by 

applications running on the mobile computing device 750.  

[00156] The mobile computing device 750 can also communicate audibly 

using an audio codec 760, which can receive spoken information from a user and 

convert it to usable digital information. The audio codec 760 can likewise 

generate audible sound for a user, such as through a speaker, e.g., in a handset 

of the mobile computing device 750. Such sound can include sound from voice 

telephone calls, can include recorded sound (e.g., voice messages, music files, 
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etc.) and can also include sound generated by applications operating on the 

mobile computing device 750.  

[00157] The mobile computing device 750 can be implemented in a number 

of different forms, as shown in the figure. For example, it can be implemented as 

a cellular telephone 780. It can also be implemented as part of a smart-phone 

782, personal digital assistant, or other similar mobile device.  

[00158] Various implementations of the systems and techniques described 

here can be realized in digital electronic circuitry, integrated circuitry, specially 

designed ASICs (application specific integrated circuits), computer hardware, 

firmware, software, and/or combinations thereof. These various implementations 

can include implementation in one or more computer programs that are 

executable and/or interpretable on a programmable system including at least one 

programmable processor, which can be special or general purpose, coupled to 

receive data and instructions from, and to transmit data and instructions to, a 

storage system, at least one input device, and at least one output device.  

[00159] These computer programs (also known as programs, software, 

software applications or code) include machine instructions for a programmable 

processor, and can be implemented in a high-level procedural and/or object

oriented programming language, and/or in assembly/machine language. As used 

herein, the terms machine-readable medium and computer-readable medium 

refer to any computer program product, apparatus and/or device (e.g., magnetic 

discs, optical disks, memory, Programmable Logic Devices (PLDs)) used to 

provide machine instructions and/or data to a programmable processor, including 

a machine-readable medium that receives machine instructions as a machine

readable signal. The term machine-readable signal refers to any signal used to 

provide machine instructions and/or data to a programmable processor.  

[00160] To provide for interaction with a user, the systems and techniques 

described here can be implemented on a computer having a display device (e.g., 

a LCD (liquid crystal display) display screen for displaying information to the user 

and a keyboard and a pointing device (e.g., a mouse or a trackball) by which the 

user can provide input to the computer. Other kinds of devices can be used to 

provide for interaction with a user as well; for example, feedback provided to the 

user can be any form of sensory feedback (e.g., visual feedback, auditory 
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feedback, or tactile feedback); and input from the user can be received in any 

form, including acoustic, speech, or tactile input.  

[00161] The systems and techniques described here can be implemented in 

a computing system that includes a back end component (e.g., as a data server), 

or that includes a middleware component (e.g., an application server), or that 

includes a front end component (e.g., a client computer having a graphical user 

interface or a Web browser through which a user can interact with an 

implementation of the systems and techniques described here), or any 

combination of such back end, middleware, or front end components. The 

components of the system can be interconnected by any form or medium of 

digital data communication (e.g., a communication network). Examples of 

communication networks include a local area network (LAN), a wide area network 

(WAN), and the Internet.  

[00162] The computing system can include clients and servers. A client and 

server are generally remote from each other and typically interact through a 

communication network. The relationship of client and server arises by virtue of 

computer programs running on the respective computers and having a client

server relationship to each other.  

[00163] While this specification contains many specific implementation 

details, these should not be construed as limitations on the scope of the 

disclosed technology or of what may be claimed, but rather as descriptions of 

features that may be specific to particular embodiments of particular disclosed 

technologies. Certain features that are described in this specification in the 

context of separate embodiments can also be implemented in combination in a 

single embodiment in part or in whole. Conversely, various features that are 

described in the context of a single embodiment can also be implemented in 

multiple embodiments separately or in any suitable subcombination. Moreover, 

although features may be described herein as acting in certain combinations 

and/or initially claimed as such, one or more features from a claimed combination 

can in some cases be excised from the combination, and the claimed 

combination may be directed to a subcombination or variation of a 

subcombination. Similarly, while operations may be described in a particular 

order, this should not be understood as requiring that such operations be 

performed in the particular order or in sequential order, or that all operations be 
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performed, to achieve desirable results. Particular embodiments of the subject 

matter have been described. Other embodiments are within the scope of the 

following claims.  

[00164] In various implementations, operations that are performed "in 

response to" or "as a consequence of' another operation (e.g., a determination or 

an identification) are not performed if the prior operation is unsuccessful (e.g., if 

the determination was not performed). Operations that are performed 

"automatically" are operations that are performed without user intervention (e.g., 

intervening user input). Features in this document that are described with 

conditional language may describe implementations that are optional. In some 

examples, "transmitting" from a first device to a second device includes the first 

device placing data into a network for receipt by the second device, but may not 

include the second device receiving the data. Conversely, "receiving" from a first 

device may include receiving the data from a network, but may not include the 

first device transmitting the data.  

[00165] "Determining" by a computing system can include the computing 

system requesting that another device perform the determination and supply the 

results to the computing system. Moreover, "displaying" or "presenting" by a 

computing system can include the computing system sending data for causing 

another device to display or present the referenced information.  

[00166] The systems and techniques described here can be implemented in 

a computing system that includes a back end component (e.g., as a data server), 

or that includes a middleware component (e.g., an application server), or that 

includes a front end component (e.g., a client computer having a graphical user 

interface or a Web browser through which a user can interact with an 

implementation of the systems and techniques described here), or any 

combination of such back end, middleware, or front end components. The 

components of the system can be interconnected by any form or medium of 

digital data communication (e.g., a communication network). Examples of 

communication networks include a local area network ("LAN"), a wide area 

network ("WAN"), peer-to-peer networks (having ad-hoc or static members), grid 

computing infrastructures, and the Internet.  

[00167] The computing system can include clients and servers. A client and 

server are generally remote from each other and typically interact through a 
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communication network. The relationship of client and server arises by virtue of 

computer programs running on the respective computers and having a client

server relationship to each other.  

[00168] Further to the descriptions above, a user may be provided with 

controls allowing the user to make an election as to both if and when systems, 

programs or features described herein may enable collection of user information 

(e.g., information about a user's social network, social actions or activities, 

profession, a user's preferences, or a user's current location), and if the user is 

sent content or communications from a server. In addition, certain data may be 

treated in one or more ways before it is stored or used, so that personally 

identifiable information is removed. For example, a user's identity may be treated 

so that no personally identifiable information can be determined for the user, or a 

user's geographic location may be generalized where location information is 

obtained (such as to a city, ZIP code, or state level), so that a particular location 

of a user cannot be determined. Thus, the user may have control over what 

information is collected about the user, how that information is used, and what 

information is provided to the user.  

[00169] FIG. 8 is an example user interface 802 showing a subject's brain 

age and estimated future brain age. For example, the interface 802 may be 

displayed on the screen of a computing device 800, printed to a sheet of paper, 

and/or stored by computer memory. The interface 802 shows a record of historic 

measures of brain age as has been described in this document, though in some 

implementations, some of the brain age measures may come from the 

technology described in this document and some measures may be generated 

from other types of data gathering (e.g., sleep session in a clinical environment).  

[00170] The interface 802 can include a graphic with population trend lines 

806-814. For example, a trend line 810 can show the rate of brain age increase 

given chronological age increase for the population as a whole, or a specific 

subpopulation to which the subject is a member. Trend lines 808 and 812 can 

show trends that are greater and lower than average, for example, +/- 1 standard 

deviation or +/- 10%. Trend lines 806 and 814 can show trends that are greater 

and lower than average, for example, +/- 2 standard deviations or +/- 25%.  

[00171] Measured brain age values can be shown with elements 816-826, 

plotted against the trend lines 806-814. As can be seen, this subject has a 
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history of brain age that is greater than the average, and for elements 816-820, a 

trend of accelerating brain age compared to the reference population.  

[00172] Based on the record of brain ages used to generate the elements 

816-826, predicted function-metric for the subject can be estimated to represent a 

measure of predicted future physiological measures at a future chronological.  

For example, these future measures of brain age can be rendered as elements 

828 and 830. In this example, the larger size and different shading indicates to 

the viewer the relative confidence of the estimates, compared to the measured 

values for elements 816-826.  

[00173] Records of one or more interventions can also be graphically shown 

with elements 832 and 834. With this arrangement, a viewer can advantageously 

perceive the impact of the interventions (e.g., that intervention 1 had minimal 

impact on slowing brain age, but that intervention 2 was very successful at 

reversing the subject's trend).  

[00174] Referring to the figures, FIG 9 shows an example system 900 for 

determining timing of electrophysiological events of a subject, consistent with 

embodiments of this disclosure. The system 900 can include a data acquisition 

device 901 that has one or more physiological sensors 904 and one or more 

stimuli generators 905. The system 900 can include a user interface 906, training 

computer hardware 910, operating computing hardware 916, and a data source 

918. The system 900 can be configured to collect data from one or more 

subjects 908, as will be described in further detail below.  

[00175] In some aspects, the data acquisition device 901 can be worn by the 

subject 908 to collect data from the one or more physiological sensors 904. For 

example, the data acquisition device 901 can be configured to detect, measure, 

monitor, and record brain activity using electroencephalography (EEG), eye 

activity using electrooculography (EOG), muscle activity using electromyography 

(EMG), cardiac activity using electrocardiography (ECG), respiration rate (e.g., 

using respiratory inductance plethysmography (RIP), pressure sensor, and/or a 

temperature sensor), oxygen saturation (e.g., using pulse oximetry), heart rate 

(HR), blood flow, actigraphy during sleep, or any combination thereof. The stimuli 

generators 905 can generate audio stimuli, optical stimuli, visual stimuli, tactile 

stimuli, or combinations thereof to the subject 908, and the physiological sensors 

904 can collect data that reflects the subject's 908 response to the stimuli.  
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[00176] The data collected by the data acquisition device 901 can be 

communicated throughout the system 900. For example, the data from the data 

acquisition device 901 can be displayed at the user interface 906, sent to the 

training computing hardware 910, sent to the operating computing hardware 916, 

and sent to the data source 918. Each of the data acquisition device 901, the 

user interface 906, the training computing hardware 910, and the operating 

computing hardware 916 can perform one or more of the processing steps 

described in further detail below (see e.g., FIGS. 12-14).  

[00177] FIGS 10A and 1OB show an example of a data acquisition system 

1000 that includes a data acquisition device 1001 on the head of a subject. In 

some aspects, the data acquisition device 1001 can be the data acquisition 

device 901 of FIG. 9. The data acquisition device 1001 can be a head-worn 

sensing device that includes one or more sensors and one or more stimuli 

generators. The data acquisition device 1001 can have a body 1014 that can be 

a breathable material, for example a mesh material. The breathable material can 

allow the skin beneath the body 1014 to breathe. The breathable material can be 

elastic and/or inelastic. The elastic properties and the curved shape of the body 

1014 can be configured to inhibit or prevent the data acquisition device 1001 from 

slipping during use, such as when the user moves during sleep (e.g., when the 

user shifts position or when one of their limbs or another person contacts the data 

acquisition device 1001). The body 1014 can extend partially or completely 

around a perimeter of a head 1008 of a subject.  

[00178] The data acquisition device 1001 can be a removably attachable 

headband, cap, hat, strip (e.g., adhesive or hook-and-loop style fastening strip), 

biased band, or any combination thereof. The data acquisition device 1001 can 

have a curved shape, and the shape can include a closed or open loop (e.g., 

annular or semi-annular shape). The data acquisition device 1001 can extend 

partially or completely around a perimeter of the head 1008. The data acquisition 

device 1001 can include the body 1014 that has a curved profile that facilitates 

improved positioning of the data acquisition device. For example, the curved 

shape of the body 1014 facilitates a horizontal or nearly horizontal portion 1020 of 

the body 1014 that is positioned at and extends across a forehead 1021 of the 

head 1008 above the eyebrows of the subject. The body 1014 includes one or 

more notches 1022 that are positioned such that the body 1014 extends around 
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each ear 1023 of head 1008 with the notches 1022 aligned with each ear 1023.  

The body 1014 further extends under a nape 1025 of the back of the head 1008.  

The curved shape of the body 1014 facilitates proper positioning of the data 

acquisition device 1001 on the head 1008 by inhibiting or preventing the data 

acquisition device 1001 from slipping during use, such as when the user moves 

during sleep (e.g., when the user shifts position or when one of their limbs or 

another person contacts the data acquisition device 1001).  

[00179] The body 1014 can include slip resistant edges that are configured 

to keep one or more sensors of the data acquisition device 1001 in position 

during use such that there is strong contact and less resistance to movement at 

the point where the sensors come into contact with the skin. This can 

advantageously ensure that the device sensors can have reliable contact with the 

skin.  

[00180] The data acquisition device 1001 can be configured to measure and 

collect one or more physiological parameters during sleep. For example, the data 

acquisition device 1001 can be configured to detect, measure, monitor, and 

record brain activity, eye activity, muscle activity (e.g., body posture, limb 

movements), cardiac activity (e.g., heart rate, heart rate variability (HRV)), 

respiration activity (e.g., respiration rate), blood oxygen saturation, blood flow 

rates, or any combination thereof. For example, the data acquisition device 

1001 can be configured to detect, measure, monitor, and record brain activity 

using electroencephalography (EEG), eye activity using electrooculography 

(EOG), muscle activity using electromyography (EMG), cardiac activity using 

electrocardiography (ECG), respiration rate (e.g., using respiratory inductance 

plethysmography (RIP), pressure sensor, and/or a temperature sensor), oxygen 

saturation (e.g., using pulse oximetry), heart rate (HR), blood flow, actigraphy 

during sleep, or any combination thereof. The data acquisition device 1001 can 

be configured to detect, measure, monitor, and record pressure and temperature, 

for example, using one or more pressure sensors and/or one or more 

temperature sensors. The data acquisition device 1001 can perform 

polysomnography (PSG) tests and can collect polysomnographic data. The data 

that is collected is referred to throughout as acquired data, raw data, and/or sleep 

data.  
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[00181] As shown in FIGS. 10C and 1OD, the data acquisition device 

1001 can have one or more data acquisition modules 1018 (also referred to as 

electronics modules 1018), for example, 9 to 13 data acquisition modules 1018, 

including every 1 module increment within this range (e.g., 2 electronics 

modules). For example, the data acquisition device 1001 can have one 

electronics module 1018. In another example, the data acquisition device 1001 

can have a plurality of data acquisition modules 1018 spaced apart around the 

data acquisition device 1001 to provide sensors at a variety of positions around 

the head 1008 of the subject to optimize data collection.  

[00182] The one or more data acquisition modules 1018 can be configured 

to monitor and record one or more physiological activities during sleep. For 

example, the data acquisition modules 1018 can be configured to detect, 

measure, monitor, and record brain activity, eye activity, muscle activity, cardiac 

activity, respiration activity, blood oxygen saturation, blood flow, actigraphy, or 

any combination thereof (e.g., using EEG, EOG, EMG, ECG, RIP, pulse 

oximetry, or any combination thereof, respectively). The one or more data 

acquisition modules 1018 can be computer interfaces, for example, brain 

computer interfaces (BCIs).  

[00183] The data acquisition modules 1018 can have one or more 

electrodes, sensors (e.g., biosensors), accelerometers, or any combination 

thereof. For example, the data acquisition modules 1018 can have one or more 

EEG biosensors, EOG biosensors, EMG biosensors, ECG biosensors, 

respiration rate biosensors, pulse oximetry biosensors, HRV biosensors, 

temperature sensors, pressure sensors, or any combination thereof, including 

one or more reference sensors and/or one or more ground electrodes.  

[00184] The data acquisition modules 1018 can have a single-channel 

and/or a multi-channel EEG system. The multi-channel EEG system can be 

operated as a single channel EEG system. The EEG system (single or multi

channel) can include one or more EEG sensors. The data acquisition device 

1001 (e.g., the data acquisition modules 1018) can have 1 to 10 EEG sensors, 

including every 1 EEG sensor within this range (e.g., 4 EEG electrodes). The 

data acquisition modules 1018 can have more than 10 sensors (e.g., 1 to 100 

EEG sensors). The data acquisition modules 1018 can have an EEG sensor 

array or an EEG sensor network (e.g., of 2 to 10 or more sensors). One of the 
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EEG sensors can be a ground electrode. The EEG system can have one or 

multiple reference electrodes (e.g., one or two reference electrodes). The 

electronics module 1018 can have, for example, three channels of frontal EEG 

and one EEG reference sensor or three channels of prefrontal EEG and one EEG 

reference sensor. The EEG electrodes can be positioned on the forehead, for 

example, the EEG electrodes can be placed at forehead positions such as Fp1 

and Fp2. The EEG electrodes can be placed according to the international 10-20 

system.  

[00185] The data acquisition modules 1018 can have 2, 3, or 4 EOG 

sensors. Two EOG sensors can detect/measure movement of one or both eyes.  

For example, two EOG sensors can be positioned to detect/measure eye 

movement of the left and right eyes (e.g., a first EOG sensor can be positioned 

on the right outer edge of the right eye and a second EOG sensor can be 

positioned on the left outer edge of the left eye), two EOG sensors can be 

positioned to detect/measure eye movement of only the left eye (e.g., a first EOG 

sensor can be positioned on the right outer edge and a second EOG sensor can 

be positioned on the left outer edge of the left eye), or two EOG sensors can be 

positioned to detect/measure eye movement of only the right eye (e.g., a first 

EOG sensor can be positioned on the right outer edge and a second EOG sensor 

can be positioned on the left outer edge of the right eye). Three EOG sensors 

can be positioned to detect/measure eye movement of the left and right eyes 

(e.g., a first EOG sensor can be positioned on the right outer edge of the right 

eye, a second EOG sensor can be positioned on the left outer edge of the left 

eye, and a third EOG sensor can be positioned between the left and right eyes).  

The three EOG sensors can selectively detect/measure eye movement of the left 

and/or right eyes, with the first and third EOG sensors configured to 

detect/measure movement of the right eye, with the second and third EOG 

sensors configured to detect/measure movement of the left eye, and with the first 

and second EOG sensors configured to detect/measure movement of the left and 

right eyes together. Four EOG sensors can be positioned to detect/measure eye 

movement of the left and right eyes (e.g., first and second EOG sensors can be 

positioned on first and second sides of the left eye and third and fourth EOG 

sensors can be positioned on first and second sides of the right eye). The "outer 
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edges" of the eyes can be in line with the eyes, above the eyes and/or below the 

eyes.  

[00186] The data acquisition system 1000 can have 1 to 6 EMG sensors, 

including every 1 EMG electrode increment within this range (e.g., 2 EMG 

electrodes). The data acquisition system 1000 (e.g., the data acquisition device 

1001 and/or the data acquisition modules 1018) can have 1 to 10 ECG sensors, 

including every 1 ECG electrode increment within this range (e.g., 1, 2, or 3 ECG 

electrodes). The ECG sensors can be used to measure HRV. The ECG sensors 

can be used to determine HRV.  

[00187] The data acquisition system 1000 (e.g., the data acquisition device 

1001 and/or the data acquisition modules 1018) can have 1 to 10 heart rate 

sensors (e.g., photoplethysmography (PPG) sensor), including every 1 heart rate 

sensor increment within this range (e.g., 1, 2, or 3 heart rate sensors). The heart 

rate sensors can be used to measure HRV. The heart rate sensors can be used 

to determine HRV.  

[00188] The data acquisition system 1000 (e.g., the data acquisition device 

1001 and/or the data acquisition modules 1018) can have one or multiple 

pressure sensors (e.g., pressure transducers) and/or temperature sensors (e.g., 

thermocouples) configured to monitor respiration. For example, the data 

acquisition device 1001 can have 1 to 4 pressure sensors, including every 1 

pressure sensor increment within this range (e.g., 1 or 2 pressure sensors). The 

data acquisition device 1001 can have 1 to 4 temperature sensors, including 

every 1 temperature sensor increment within this range (e.g., 1 or 2 temperature 

sensors). The pressure and/or temperature sensors can be positionable near the 

nostrils and can be configured to detect the pressure/temperature changes that 

occur when a user inhales and exhales. The pressure and/or temperature 

sensors can be attached to or integrated with the data acquisition device 

1001 such that when the data acquisition device 1001 is removably secured to a 

head, the pressure and/or temperature sensors are positioned in a breathing flow 

path (e.g., near the nostrils and/or mouth, for example, for mouth breathers).  

[00189] The data acquisition device 1001 can have a pulse oximetry sensor 

that can be removably attachable to an ear, for example, to an ear lobe. The data 

acquisition system 1000 can have a pulse oximetry sensor that can be removably 

attachable to a finger. The finger pulse oximetry sensor can be in wired or 
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wireless communication with the data acquisition device 1001 (e.g., to the 

electronics module 1018) and/or to the data display device. The ear pulse 

oximetry sensor can be attached to or integrated with the data acquisition device 

1001. The pulse oximetry sensor (ear and finger sensor) can be a component of 

a clip. The clip can attach to (e.g., clip to) an ear lobe or a finger. The clip can be 

attached to or integrated with the data acquisition device 1001, for example, to 

the body 1014. The pulse oximetry sensor can be placed on the forehead. The 

forehead pulse oximetry can be attached to or integrated in the data acquisition 

device 1001.  

[00190] The data acquisition device 1001 can have one or more pressure 

sensors (e.g., 1, 2, 3, 4, 5, 6 or more) configured to detect when the data 

acquisition device 1001 is attached to a head, for example, by measuring the 

amount of force exerted against each of the pressure sensors. The data 

acquisition system 1000 can be configured to detect whether the data acquisition 

device 1001 is properly positioned on the head, for example, by detecting and/or 

comparing the different pressures measured by the one or more pressure 

sensors (e.g., by calculating one or more pressure differentials). The pressure 

sensors can also be used to determine whether the position can be improved or 

further optimized, for example, for more accurate and/or reliable data collection.  

The data acquisition device 1001 can be activated (e.g., automatically or 

manually) when positioned on the head 1008 as a result of one or more pressure 

sensors exceeding a pressure threshold. The data acquisition device 1001 can 

be activated (e.g., automatically or manually) when positioned on the head 

1008 as a result of one or more differential pressure differentials (e.g., between 

two sensors) falling below a differential pressure threshold.  

[00191] For example, a first pressure sensor can be on a first side of the 

data acquisition device 1001 and a second pressure sensor can be on a second 

side of the data acquisition device 1001. The pressure sensors can be separated 

by about 9 degree to about 980 degrees as measured from a center of the data 

acquisition device 1001 (e.g., along a longitudinal and/or transverse axis), 

including every 1 degree increment within this range. The center of the data 

acquisition device 1001 can fall between two inner sides of the device such that 

the device center is not on the body and/or edges of the data acquisition device 

1001. A 180 degree separation can correspond to a configuration in which the 
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first and second pressure sensors are diametrically opposed from one another.  

Angles less than 180 degrees can correspond to configurations in which the first 

and second pressure sensors are on opposite sides of the device, determined for 

example relative to a reference axis. Angles less than 180 degrees can 

correspond to configurations in which the first and second pressure sensors are 

on the same side of the device, determined for example relative to a reference 

axis. The first and second pressure sensors can be used to determine a side-to

side or a front-to-back pressure differential of the data acquisition device 

1001 (i.e., the pressure levels on the left side, right side, front side, and/or back 

side of the data acquisition device 1001). Four pressure sensors can be used to 

determine side-to-side and/or front-to-back pressure differentials of the device 

when removably attached to a head. The angles between sensors can be from 

about 1 degree to about 180 degrees, including every 1 degree increment within 

this range.  

[00192] The data acquisition system 1000 (e.g., the data acquisition device 

1001, a user's device, and/or a remote server) can determine whether the data 

acquisition device 1001 is properly or improperly positioned by analyzing the 

pressure readings of the one or more pressure sensors. The data acquisition 

system 1000 can assess the quality of the data signals from the data acquisition 

modules 1018 to ensure proper stability and contact of data acquisition modules 

1018 is occurring to ensure high quality data is being obtained by the data 

acquisition device 1001. If properly positioned, the data acquisition device 1001 

can automatically begin collecting data (e.g., immediately or after one or more 

additional conditions are satisfied). The data acquisition device 1001 can collect 

data when not positioned properly, however, some of the data may have 

accuracy, precision and/or reliability issues, or some of the data may be missing 

altogether (e.g., pulse oximetry data). The data acquisition system 1000 can 

notify the user that the data acquisition device 1001 is not positioned properly.  

Additionally or alternatively, the data acquisition system 1000 can be configured 

to determine whether the data acquisition device 1001 is properly positioned by 

measuring the voltage drop across one or more sensors of the data acquisition 

modules 1018).  

[00193] The data acquisition device 1001 can begin collecting data when 

one or more conditions are satisfied (e.g., 1 to 10 or more conditions). The data 
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acquisition device 1001 can begin collecting data when a proper position is 

detected. The data acquisition device 1001 can begin collecting data when the 

data acquisition system 1000 detects that the user is in a sleeping position and/or 

when the user is in a sleeping location, for example, for a predetermined amount 

of time (e.g., immediately (no time), or after 1 min to 5 min or more have 

elapsed). The sleeping location can be established or otherwise settable by the 

user. For example, the data acquisition device 1001 can begin collecting data 

after first, second, third, and/or fourth conditions are satisfied. The data 

acquisition device 1001 can begin collecting data immediately after any one 

condition or combination of conditions is satisfied. The first condition can 

correspond to correct device placement (e.g., of the data acquisition device 

1001). The second condition can correspond to user input (e.g., selection of a 

command prompt). The third condition can correspond to a position of the device 

relative to the environment, for example, whether the orientation of the data 

acquisition device 1001 is in a position indicative of a sleeping position of the 

user (e.g., lying down, either prone, supine, or on side). The fourth condition can 

correspond to a location of the user (e.g., on a bed). Sleep data collection can 

begin when the pressure sensors detect that the data acquisition device 1001 is 

properly attached to a head, when the data acquisition modules 1018 begin 

collecting data, or when the acquired data meets quality thresholds.  

[00194] The data acquisition device 1001 can have one or more temperature 

sensors (e.g., 1, 2, 3, 4 or more temperature sensors) configured to monitor a 

user's body temperature. The temperature sensors can be temperature 

transducers (e.g., thermocouples). The temperature sensor can be attached to or 

integrated with the data acquisition device 1001. The temperature sensors can be 

configured to detect when the data acquisition device 1001 is attached to a head, 

for example, by detecting a body temperature. An environment temperature 

sensor can be configured to measure environmental temperature. The 

environment temperature sensor can be one of the temperature sensors of the 

data acquisition device 1001. The environment temperature sensor can be a 

temperature sensor of a sleeping location (e.g., house or apartment). The data 

acquisition system 1000 can determine a user's optimum sleeping temperature 

and suggest a sleeping temperature for the user, for example, from about 60 
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degrees Fahrenheit to about 85 degrees Fahrenheit, including every 1 degree 

increment within this range.  

[00195] The data acquisition system 1000 (e.g., the data acquisition device 

1001 and/or the data acquisition modules 1018) can have one or more 

accelerometers (e.g., one accelerometer). The accelerometer can be attached to 

the data acquisition device 1001 or can be wirelessly connected (e.g., located at 

the subject's wrist, finger, or other location). In some aspects, the accelerometer 

can detect limb movements of the subject. The accelerometer can detect a user's 

positional state, for example, a user's movement or sleeping pose (e.g,. prone, on 

side). The accelerometer can be a two-axis accelerometer. The accelerometer 

can be a three-axis accelerometer. The accelerometer can be configured to 

detect head, body, and/or limb movements, or any combination thereof. The 

accelerometer can be used to detect lack of movement as well, for example, the 

length of time in a single position without movement or with movement within a 

specified tolerance (e.g., voltage level or movement amount, for example, 5 cm 

or less).  

[00196] The electronics modules (e.g., data acquisition modules 1018) can 

include, for example, three channels of prefrontal EEG and one EEG reference 

sensor to detect brain wave activity, a heart rate sensor (e.g., a pulse oximetry 

sensor, an ECG sensor, or other sensors described throughout) to monitor 

cardiac activity (e.g., RR variability), an accelerometer (e.g., two or three axis 

accelerometer) to detect head, body, and/or limb movements, or any combination 

thereof.  

[00197] The electronics module 1018 can be configured to contact a user's 

skin (e.g., a user's forehead) during use. The data acquisition device 1001 can 

press the EEG sensors and/or ECG sensor(s) against the user's skin (e.g., 

forehead) when secured to the head 1008, for example, with an elastic fit or with 

an interference fit. Alternatively or additionally, the sensors can be adhered to the 

user's skin (e.g., forehead) using an adhesive with or without the data acquisition 

device 1001.  

[00198] The electronics module 1018 can be configured to measure brain 

activity, for example, during light sleep, during rapid eye movement (REM) sleep, 

during slow-wave sleep (SWS) (also referred to as deep sleep), or any 

combination thereof. The electronics module 1018 can be configured to measure 
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cardiac activity, for example, HRV such as RR intervals. The electronics module 

1018 can be configured to detect a user's motion and/or a user's lack of motion.  

These sensors may be integral to other components (e.g., stitched into a 

headband), may be removable (e.g., by removable snap or friction fit), or may be 

otherwise used with headbands or other worn devices.  

[00199] The electronics module components (e.g., channels, sensors, 

accelerometers, stimuli generators) can be attached to or integrated with the data 

acquisition module 1018. The data acquisition module 1018 can be permanently 

attached to, removably attached to, or integrated with the data acquisition device 

1001 (e.g., to and/or with the body 1014). Additionally or alternatively, the various 

activity-measuring components (e.g., channels, sensors, accelerometers) can be 

attached to or integrated with an attachment portion of the data acquisition device 

1001, for example the body 1014 separate and apart from the module 1018. The 

module 1018 can be interchangeable with one or more other modules (not 

shown) having a different number of sensors, one or more different types of 

sensors, or otherwise having at least one different parameter-measuring 

capability relative to the electronics module 1018. The electronics module 1018 

can be interchangeable with another module having the same exact module or 

otherwise with another module having the same exact parameter-measuring 

capabilities. Different electronics modules 1018 can have different sizes relative 

to one another. Different modules 1018 can have different shapes relative to one 

another.  

[00200] The data acquisition device 1001, a user device, and/or a remote 

server can analyze the sleep data collected, as described in further detail below.  

The data acquisition device 1001, the user device, and/or a remote server can 

determine one or more parameters from the data collected, for example, using 

one or more programmable processors. The parameters can include total light 

sleep, total SWS (also referred to as total deep sleep), total REM sleep, total non

REM sleep (total light sleep and total SWS added together), total sleep (total 

REM and non-REM sleep added together), longest deep sleep duration, deep 

sleep amplitude, strength of deep sleep, heart rate, heart rate variability, total 

time in bed, time to fall asleep, time awake between falling asleep and waking up, 

various sleep microstructure features (e.g., number of sleep slow oscillation (SO) 

events described in further detail below),or any combination thereof. The time
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based parameters (e.g., the "total," "duration," and "time" parameters) can be 

measured in the time domain, for example, using seconds, minutes, hours. Days, 

weeks and years can be used for accumulated and/or running totals.  

[00201] The total time in bed parameter can be measured from a start point 

to an end point. The start point can correspond to when the user manually 

activates the data acquisition device 1001, for example, by selecting a start 

instruction (e.g., "ready to sleep") on the display 102. The start point can 

correspond to when the data acquisition device 1001 is activated (e.g., 

automatically or manually). The data acquisition device 1001 can be 

automatically activated, for example, when a voltage is detected across two or 

more sensors of the module 1018 (e.g., across two or more of the EEG 

electrodes). The voltage can indicate contact with skin and cause the data 

acquisition device 1001 to begin measuring the total time in bed. The data 

acquisition device 1001 can have a timer. The data acquisition device 1001 can 

be automatically activated when positioned on the head 1008 as a result of one 

or more pressure sensors exceeding a pressure threshold. The end point can 

correspond to when the user manually deactivates the data acquisition device 

1001, for example, by selecting an end instruction (e.g., "turn off alarm" or "get 

sleep report") on the display 102. The end point can correspond to when the 

device is automatically deactivated. The data acquisition device 1001 can be 

automatically deactivated, for example, when the accelerometer indicates the 

user is walking around or has taken the data acquisition device 1001 off their 

head.  

[00202] The data acquisition system 1000 can provide audio stimulation 

(also referred to as audio entrainment) using, for example, one or more sound 

wave generators 1017 (e.g., 1 to 4 sound wave generators). The sound wave 

generators can be, for example, speakers. A portion of the data acquisition 

device 1001 can be positionable over and/or engageable with a left and/or right 

ear of a user such that the sound wave generators 1017 can emit sound into a 

user's ears. The sound wave generators 1017 can be attached to, embedded in, 

or integrated with the device body 1014. The sound wave generators 1017 can 

be in wired or wireless communication with the data acquisition device 1001, a 

user device, a remote server, or any combination thereof. The sound wave 

generators 1017 can be micro speakers. The sound wave generators 1017 can 
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be in wired or wireless communication with the data acquisition device 1001 and 

can be attached 

[00203] Additionally or alternatively, the data acquisition system 1000 can 

provide audio stimulation via bone conduction by transmitting sound signals 

through bone to a user's inner ear. The data acquisition system 1000 can have 

one or more actuator assemblies 1013 to provide bone conduction sound 

transmission. The actuator assemblies 1013 can have an actuator (e.g., a 

transducer). The actuator can be vibratable (e.g., the actuator can be configured 

to vibrate). The actuator assemblies 1013 can have a transceiver coupled to the 

actuator. The transceiver can cause the actuator to vibrate to generate sound, for 

example, when the transceiver is electronically driven with sound signals (e.g., 

from a driver and/or a controller, for example, from the data acquisition device 

1001). The actuator can be a piezoelectric actuator. The piezoelectric actuator 

can be configured to move a mass to provide sound through bone. The actuator 

assemblies 1013 (e.g., the actuator) can be positioned near the ear and/or on the 

cheek. For example, the actuator assemblies 1013 can be positioned on a user's 

skin proximate the zygomatic bone, the zygomatic arch, the mastoid process, or 

any combination thereof. The data acquisition system 1000 can have 9 to 14 

actuator assemblies, or 9 to 14 actuators, including every 1 actuator 

assembly/actuator increment within these ranges.  

[00204] The data acquisition system 1000 can provide visual/optical 

stimulation (also referred to as light entrainment) using, for example, one or more 

light emitting sources 1019 (e.g., 9 to 100 light emitting sources). A portion of the 

data acquisition device 1001 can be positionable over and/or engageable with a 

left and/or right eye of a user such that the light sources 1019 can emit light into a 

user's eyes (e.g., through the user's closed eyelids). The data acquisition device 

1001 can be configured to partially or completely cover one, both, or no eyes.  

The data acquisition device 1001 can be configured for temporary securement 

above or proximate to a user's eyes/eyelids. For example, a portion of the data 

acquisition device 1001 can be configured to rest against and/or adhere to an 

eyebrow, the area proximate an eyebrow, the glabella, the nose (e.g., dorsal 

bridge, dorsal base, tip), cheek, or any combination thereof. The light sources 

1019 can be attached to, embedded in, or integrated with the data acquisition 

device 1001.  
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[00205] The data acquisition system 1000 can provide audio entrainment, 

optical entrainment, cranial electrotherapy stimulation (CES), or any combination 

thereof, in addition to or in lieu of the data collection and associated analyses 

described below.  

[00206] FIG 11A shows an example system 1100 for determining metrics of 

a subject, such as SO timing data for a user of a head-worn sensing device (e.g., 

data acquisition device 1001) as previously described. In this system, one or 

more training subjects 1102 provide training data through physiological sensors 

1104 and user interfaces 1106 (either directly or by another user such as an 

administrator or health-care provider), which can be combined with tagging data 

1108 by training computing hardware 1110 to generate one or more function

metric classifiers 1112. Operating subjects 1114 can then use operating 

computing hardware 1116 to collect data through physiological sensors 1118 

and/or user interfaces 1120 to generate one or more function metrics 1122. The 

data provided through the user interface 1106 can include information about the 

subject 1102 useful for tagging data collected from the subject using the 

physiological sensors 1104. For example, name, age, and other demographic 

data may be used to create subpopulation samples of sensed data. Instructions 

can be presented to the subject 1102 to don the physiological sensors 1104 and, 

upon pressing an interface element (e.g., a button on a screen) confirming the 

sensors 1104 are in place, sensing can begin.  

[00207] Training subjects 1102 are a group of subjects (e.g., human or other 

animals) that contribute data to be used as training data. For example, the 

subjects 1102 may be patients who, under a program of informed consent, 

provide some of their medical records for research purposes. In another 

example, the subjects 1102 may be generally healthy representatives of a 

population that have agreed to contribute training data. The training subjects 

1102 may be organized by physiological (e.g., healthy vs having a known medical 

issue, menopausal status, menstrual cycle phase, sleep disorders, hypertension, 

diabetes, mental or behavioural health condition), demographic details (e.g., age, 

gender, geographic location, location of residence, education level, professional 

level), and/or groups based on lifestyle factors (e.g., activity level, past or current 

behaviours, schedule such as shift work, short sleepers). Thus, classifiers 1112 

may be created for the population as a whole, or for particular subpopulations 
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(e.g., stratified by health status, age, or other factors expected to impact the 

operation of the classifiers). In some cases, each classifier 1112 may be 

personalized, using a single subject 1102 to create or modify a classifier, where 

the training subject 1102 is also the operating subject 1114 so that their personal 

classifier is used later in operation.  

[00208] Physiological sensors 1104 include one or more sensors that can 

sense one or more physiological phenomena of the subjects 1102. In some 

cases, the sensors 1104 can include sensors mounted in a head-worn device 

such as the data acquisition modules 1018 of the data acquisition device 1001 

and the physiological sensors 904 of the data acquisition device 901. However, 

other arrangements are possible such as bespoke training sensors used only for 

the collection of training data, or use of data collected with other sensors for other 

purposes (e.g., use of some of, but not all, data generated in clinical sleep 

studies).  

[00209] The user interface 1106 can include hardware and corresponding 

software to present user interfaces to a user (e.g., subject 1102 or another user) 

to collect data about the subject 1106. This can include the demographic data 

described, can present information to the subject 1102 about the use of data 

collected and aid in the development of informed consent, etc. The user interface 

1106 can include a personal computing device such as a desktop or laptop, a 

mobile computing device such as a phone, tablet, raspberry pi or other 

appropriate elements for user input and output.  

[00210] Tagging data 1108 includes data that annotates data from the 

physiological sensors 1104 and/or the user interface 1106. For example, a user 

(shown or not shown) and/or an automated system (shown or not shown) can 

annotate data from the physiological sensors 1104 to mark the subject 1102 as in 

states such as sleep-states, and to mark the data related to SOs (e.g., SO peak 

timing, SO peak values, SO-spindle coupling). These tags in the tagging data 

1108 can also include other data that can be used in the creation of the 

classifiers.  

[00211] The training computer hardware 1110 can receive the tagging data 

1108, data from the physiological sensors 1104, and/or data from the user 

interface 1106 to generate one or more SO classifiers 1112. Example processes 

for such classifier creation are described in greater detail elsewhere in this 
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document. The classifier 1112 can, given a particular set of inputs, generate one 

or more predictions of SO value. These SO value predictions can include values 

that give an indication of the expected state of EEG signals (or other signals) of 

training subjects 1102 while they are being monitored with the physiological 

sensors 1104.  

[00212] These SO value predictions can be generated for the subject 1114 

within the same sleep session, and even within the same single wave. FIG. 11B 

shows an example of a single wave of the subject 1114, annotated with a number 

of possible event points. In an example, a SO classifier 1112 may be provided 

with EEG data for wave from time 0 milliseconds to time 50 milliseconds (i.e., at 

point steadyl, and the classifier 1112 can predict the timing of zx2 at 150 

milliseconds. Importantly, the operation of the classifier can be completed in less 

than 100 milliseconds, meaning the prediction of the timing of zx2 is generated 

before the subject actually experiences activity of zx2, allowing for the timing of 

stimulation at xz2. For a system with 17 milliseconds of lead time between 

instructing actuation of stimulation and performance of the stimulation, the 

actuation instruction can be issued at time 133 milliseconds, resulting in delivery 

of the stimulus at time 150 milliseconds - the predicted time of zx2. This timing 

can use a data value for a decision point (e.g., a point a given number of 

milliseconds from the start of an SO waveform, a point at or referenced to a 

particular point in the waveform). This point of decision can be used as the last 

point in time at which an instruction can be issued while still accounting for all 

delays, including filtering delays, actuation delays, etc.  

[00213] Returning to FIG. 11A, after the classifier 1112 has been created, 

one or more operating subjects 1114 can use the physiological sensors 1118 

and/or user interface 1106 to provide new data to the operating computing 

hardware 1116. The computing hardware can use this new data with the 

classifier 1112 to create new SO classifiers 1112 for the operating subjects 1114.  

Said another way, the users 1114 can wear a headband (e.g., data acquisition 

device 1001) to bed as previously described, and they can receive stimulus as 

previously described. In addition to tracking the subject's 1114 EEG for delivery 

of the stimulus, the hardware 1116 can also refine the classifiers 1112 with the 

tracked EEG of the subject 1114. As will be appreciated, this can 

advantageously provide the users 1114 with a system that both i) improves their 
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health or wellness, resulting in a beneficial change in neurophysiological behavior 

and ii) updates for the changing neurophysiological behavior. The users 1114 

can also be provided with assessments or reports of their changing 

neurophysiological behavior.  

[00214] FIG 11B shows a subject brain 1150. Schematically shown is brain 

activity 1152, for example the subject sleeps. As will be understood, brain activity 

generally includes electrochemical or other processes within the subject brain, 

and the depiction 1152 is a schematic representation of these activities shown for 

illustrative purposes. EEG data 1154 represents EEG readings and/or other data 

streams generated from sensing of the activity of the brain 1150. As will be 

appreciated, in the depicted data a current time is shown at time 1156. Earlier 

activity is shown farther to the left of the current time 1156. To the right of current 

time 1156, no activity 1152 or EEG data 1154 is shown, as the activity has not 

occurred yet.  

[00215] Individual SO waveforms 1158, 1160, and 1162 can be identified in 

real-time. That is to say, as the waveform 1158 was being sensed in the activity 

1152, it may be identified. Then, when waveform 1160 was being sensed in the 

activity 1152, it may be identified. Now, at the current time 1156, the current SO 

waveform 1162 may be sensed, even as it is not yet completed.  

[00216] Callout box 1164 shows the current SO waveform 1162 in greater 

detail. As will be appreciated, a current SO record can be stored in computer 

memory to record data for the current SO waveform 1162. In real-time, 

concurrently with the sensing and identification of the current SO waveform 1162.  

Various fiducial points before the current time are identified in real time (zxl, 

steady, negtime, negval, zx2, and steady2 in this example). Predictions for 

electrophysiological points or fiducial points that have not yet occurred (e.g., 

predicted_postime=225 milliseconds for pos-time and predictedposval=43 pV 

for posval), can be generated before those electrophysiological events or 

fiducial points of the waveform occur in the activity 1152. In this way, an 

expected time, voltage, or other value can be predicated and stored in computer 

memory before the corresponding brain activity 1152 occurs. This can 

advantageously allow for the timing of automated events such as the delivery of 

subject stimulation targeted at a particular portion of SO.  
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[00217] Features may be generated from the fiducial points. For example, 

measures in time between two fiducial points may be used as a feature. In 

addition or in the alternative, other types of features may be used. A feature may 

be a measure of magnitude at a fiducial point. Some features are in different 

domains. For example, a frequency domain feature may include a measure 

related to frequency. For example, a spindle domain feature may include 

measures related to spindle coupling, timing of spindle maximum, the maximum 

value itself, etc.  

[00218] FIG 12 shows an example process that can be used to produce 

classifiers able to evaluate subject data (e.g., sleep data) and generate stimulus 

to a subject based on determined timings of electrophysiological events of the 

subject. For example, the process 1200 can be performed by the elements of the 

system 1100 and will be described with reference to those elements. However, 

other systems can be used to perform the process 1200 or similar processes.  

[00219] Generally speaking, the process 1200 includes data collection 1202

404, feature engineering 1206-410, and machine learning training 1212-414. In 

the data collection 1202-404, data is gathered in formats in which it is generated 

or transmitted, then reformatted, decorated, aggregated, or otherwise processed 

for use. In the feature engineering 1206-410, data is analyzed to find those 

portions of the data that are sufficiently predictive of a physiological function (e.g., 

brain function) to be used to train the classifiers. This can allow the discarding of 

extraneous or unneeded data, improving computational efficiency and/or 

accuracy. The machine learning training 1212-414 can then use those features 

to build one or more models that characterize relationships in the data for use in 

future classifications.  

[00220] In the data acquisition 1202 for example, the computing hardware 

1110 can collect data from the sensors 1104, from the user interface 1106, and 

the tagging data 1108. As will be understood, this acquisition may happen over 

various lengths of time and some data may be collected after other data is 

collected.  

[00221] In the preprocessing and classifying 1204 for example, the 

computing hardware 1110 can perform operations to change the format or 

representation of the data. In some cases, this may not change the underlying 

data (e.g., changing integers to equivalent floating point numbers, marking 
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epochs of time in time-series data), may destroy some underlying data (e.g., 

reducing the length of binary strings used to represent floating point numbers, 

applying filters to time-series data), and/or may generate new data (e.g., 

averaging two prefrontal EEG channels such as Fp1 and Fp2 to create a single, 

virtual prefrontal EEG signal; mapping annotations to the data).  

[00222] In the feature extraction 1206 for example, the computing hardware 

1110 can extract features from, e.g., fiducial points recorded in the processed 

and classified data. Some of these features can be related to SOs of EEG 

signals. For example, individual waves can be isolated, tagged with timing data, 

and various features of wave morphology can be annotated. These waves can 

be filtered (e.g., removing anomalous waves) and aggregated into representative 

samples (e.g., by taking a weighted or unweighted average of various values), 

with one such example shown in FIG. 11B. Fiducial points can be identified 

according to heuristic rules applied to the morphology or local shape of various 

points of the wave data. For example, a rule for generating a negtime tag may 

be to identify a minimum value in the wave as negtime.  

[00223] One example scheme of fiducial points is as follows. Various other 

SO fiducial points (or features) can also be defined, e.g. the points at which EEG 

signal value exceeds a defined percentage of the SO negative peak amplitude, 

either in the negative or the positive direction.  

[00224] Zx1 can be defined as timing of the first positive-to-negative zero

crossing in the real-time filtered EEG signal, for a given SO 

[00225] Steadyl can be defined as timing of the point after zx1 at which the 

EEG signal slope exceeds in negativity a predefined negative slope threshold 

[00226] Neg-time can be defined as timing of the SO negative peak 

[00227] Neg-val can be defined as the amplitude of the SO negative peak 

[00228] Steady2 can be defined as timing of the point before zx2 at which 

the EEG signal slope exceeds in positivity a predefined positive slope threshold 

[00229] Zx2 can be defined as timing of the first negative-to-positive zero

crossing in the real-time filtered EEG signal, for a given SO 

[00230] Features 1-7 in FIG. 11B can be used to record the time (e.g., in 

milliseconds), or the difference in EEG amplitude (e.g., in microvolts) between 

various fiducial points and features in the wave as shown.  
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[00231] In the feature transformation 1208 for example, the computing 

hardware 1116 can modify the features in ways that preserve all data, destroy 

some data, and/or generate new data. For example, values may be mapped to a 

given scale (e.g., mapped to a log scale, mapped to scale of 0 to 1). In some 

cases, statistical aggregates can be created (e.g., mean values, standard 

variation). These aggregates may be generated from data for each sleep 

session, across the detected sleep stages, or may aggregate data across 

multiple sleep sessions.  

[00232] In the feature selection 1210 for example, the computing hardware 

1116 can select some of the features for use in training the model. This can 

include selecting a proper subset (e.g., some, but not all) of the features.  

[00233] In particular, some wave data can be tagged for use in training, and 

some wave data can be tagged for exclusion from training. In some instances, 

some waves can exhibit morphology consistent with 'typical' or'normal' brain 

activity while some waves can exhibit morphology that is not consistent with 

'typical' or'normal' brain activity. These waves are sometimes referred to as 

"well-behaved" and "poorly-behaved". As such, waves can be tagged with an 

inclusion/exclusion tag to designate if the wave should be used or excluded from 

model training and/or model deployment (e.g., preventing stimulation when such 

a SO wave is observed).  

[00234] As will be appreciated, "poorly-behaved" waves may be the product 

of noisy data collection by sensors. Additionally or alternatively, the "poorly

behaved" waves may be the product of accurate sensing of atypical - but 

potentially normal and healthy - brain activity that does not conform to typical SO 

wave morphology or patterns. Regardless of the cause, these "poorly-behaved" 

waves tagged for exclusion can be handled as having low predictive value and 

excluded from model training, while the "well-behaved" waves tagged for 

inclusion can be handled as having high predictive value and included in model 

training.  

[00235] In the model training 1212 for example, the computing hardware 

1116 can train one or more machine-learning models using the selected features 

(e.g., wave data marked for inclusion and excluding wave data marked for 

exclusion). In some cases, one or more models are created that propose 

mappings between the features and tagged data indicating timing of features 
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(e.g., in milliseconds from the onset of a particular wave) for those features.  

Then, the computing hardware 1116 modifies those mappings to improve the 

model's accuracy.  

[00236] In the output evaluation 1214 for example, the computing hardware 

1116 can generate one or more functions, sometimes called classifiers, which 

include a model. This inclusion can involve including the whole model, or may 

involve only including instructions generated from the model allowing for the 

classifier to have a smaller memory footprint than the model itself.  

[00237] Described now will be one example implementation of the process 

1200. While a particular number, type, and order of details are selected for this 

implementation, it will be understood that other numbers, types, and order of 

details may be used to implement the process 1200 or other processes that 

accomplish the same goals.  

[00238] In the data acquisition 1202 in this implementation, basic information 

about a subject can be acquired such as one or more of a subject's: name or 

identification (ID), age, gender, other sociodemographic data, health-related 

information, physiological information (e.g., menopausal status and menstrual 

cycle information), and information related to lifestyle or behaviors (including but 

not limited to sleep habits, tobacco/alcohol consumption, exercise, meditation, 

among others). This data can be user inputted or integrated from other devices.  

[00239] The system(s) described above can enable the real-time open-loop 

or closed-loop delivery of stimuli, which include at least one or more of audio, 

light, vibratory, or electrical stimuli, as part of the data acquisition procedure.  

[00240] The subject's raw biological information can be collected, which can 

include of at least one or more sleep recordings where each recording includes at 

least one prefrontal EEG channel and can include additional sensors such as: 

additional EEG channels, forehead photoplethysmogram (PPG), blood oxygen 

saturation (SpO2), EMG, EOG, electrodermal activity (EDA), and actigraphy 

(movement) sensors. In some cases, systems can use two prefrontal EEG 

channels (Fpl and Fp2), with or without PPG, SpO2, and actigraphy. The data 

can be collected from full night recordings and/or less-than full nights (e.g., naps).  

[00241] The output of the data acquisition 1202 can include each subject's 

raw biological signals and stimulus types and timings, from one or multiple 

recordings, as well as the subject's age and other basic information.  
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[00242] In the preprocessing and classifying 1204 in this implementation, 

preprocessing and automated sleep-stage classification can include various 

operations that may be performed on the output of the data acquisition 1202. For 

example, two bandpass-filtered (0.2-40Hz) prefrontal EEG signals are averaged 

to obtain a single virtual prefrontal EEG channel. Heartbeat times are extracted 

from the filtered and demodulated PPG signal using peak detection.  

[00243] The data is segmented into discrete overlapping and/or non

overlapping epochs and each epoch is described using a set of time-domain, 

frequency-domain and other EEG and HRV features typically used for sleep 

stage classification. Each epoch is classified as either wakefulness (), rapid 

eye movement (REM) sleep, non-REM sleep stage 1 (N1), non-REM sleep stage 

2 (N2), or deep sleep (N3), using an automatic sleep stage classification 

algorithm based on machine learning (ML) and the extracted sleep EEG features.  

[00244] Each epoch can be annotated as containing a SO wave, containing 

the beginning of such a wave (e.g., containing zxl), and/or containing other 

fiducial points of a wave. This annotation may in some cases be automated for 

example with offline (e.g., after all data is gathered and after the sleep session 

has ended) analysis or online (e.g., during the sleep session, for past SOs) 

analysis. This annotation may in some cases be manual, with a technician 

reviewing and tagging the data. This annotation may in some cases be 

automated, with a computational analysis being performed using a pre-defined 

ruleset to annotate the data. This annotation may in some cases be a mix of 

manual and automated operations.  

[00245] The output of the preprocessing and classifying 1204 can include 

each subject's preprocessed biological data, from one or multiple recordings, 

segmented into time-based epochs. For example, the time-based epochs can be 

segmented into epochs corresponding to the length of a single SO wave (e.g., 

250 to 300 milliseconds in one example).  

[00246] In the feature extraction 1206 in this implementation, SO wave 

features are computed. These features may be recorded, for example, in a count 

of milliseconds from the onset of the given wave, in distances (in time) between 

fiducial points, in amplitudes or maximum or minimum values, etc.  

[00247] The output of the feature extraction 1206 can include each of the 

subject's recordings, either one or multiple, described with an array of wave 
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features, as well as EEG-based, HRV-based and SpO2-based sleep 

microstructure features.  

[00248] In the feature transformation 1208 in this implementation, the 

computed features are transformed using lossy or lossless data compression for 

advantageously efficient storage and transmission.  

[00249] In the feature selection 1210 data for various SO waves of various 

demographics and SO wave types are examined to be tagged for inclusion or 

exclusion in model training. In some examples, a reference wave is defined 

which exhibits morphology of SO waves identified as "typical" or otherwise highly 

predictive. A difference value for each candidate wave is then calculated to 

represent a measure of difference between the candidate wave and the reference 

wave. Candidate waves with a difference value less than a threshold value can 

be marked for inclusion, while waves with a difference value greater than the 

threshold value can be marked for exclusion. In some cases, candidate waves 

can be defined based on rules created by a human user or generated from 

automated analysis of wave data (e.g., clustering analysis).  

[00250] In the model training 1212 in this implementation, a final set of all 

wave data marked for inclusion is used to train the prediction model. The model 

hyperparameters are determined using a non-convex optimization algorithm (e.g., 

the Bayesian optimization algorithm), with the goal of optimizing the average 

model performance in repeated k-fold cross-validation. Multiple approaches are 

possible: classical regression; regression with a custom loss function, 

classification approach, etc.  

[00251] In the output evaluation 1214 in this implementation, output of the 

model is evaluated on new SOs which were not used in the training. The 

subject's SO wave features are calculated according to steps 1202-408, and a 

set of ground-truth annotated SO wave features are created as a ground truth for 

this analysis. If the calculated and manual SO wave features are similar enough, 

the model passes the output evaluation.  

[00252] FIG 13 shows an example process 1300 that can be performed by 

the system 1100. For example, the process 1300 can be performed to process a 

portion of, or an entire, sleep recording and storing the resulting data for offline or 

real-time analysis.  
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[00253] In the process 1300, data of a portion or entire sleep session is 

received 1302. For example, a headband worn by a subject is used to generate 

EEG data while the subject is sleeping. N characteristic events such as 

waveforms are detected 1304 in the data. Fiducial points are identified 1306 in a 

waveform, for example to mark a point of measurement within the waveform.  

Features are extracted and labels are assigned to events 1308 in a waveform, for 

example finding a difference in timing of various fiducial points. Event data is 

saved 1310 to record information such as types, fiducial points, features, 

timestamps, subject identification (ID) data, recording ID data, etc. 1306-1310 

can be repeated for each of the N events.  

[00254] FIG 14 shows an example process 1400 for generating stimulus to a 

subject based on determined timings of electrophysiological events of the 

subject. The process 1400 can be performed, for example, by the physiological 

sensors 1104, a data source 1402, the training computer hardware 1110, and a 

wearable stimulation device 1404 (e.g., data acquisition device 1001 that 

includes at least one stimulation device such as sound wave generator 1017), 

though other components may be used to perform the process 1400 or other 

similar processes.  

[00255] The physiological sensors 1104 sense brain activity measures 1406 

and the training computer hardware 1110 can receive data-streams from the 

sensors 1104. For example, training subjects can be identified and given a head

worn device with one or more sensors 1104 to wear while they sleep. EEGdata, 

or data used to generate EEG data, is sensed from the training subjects and 

used by the training computer hardware 1110.  

[00256] One or more data sources 1402 provide 1410 subject data. For 

example, metadata for the EEG data can be stored and provided by the data 

source 1402. This metadata can include information about the subject (e.g., 

demographic data, records of informed consent), tagging data created after the 

EEG data is generated and stored to disk (e.g., well after the training subject's 

sleep session has ended), or other appropriate data.  

[00257] The training computer hardware 1110 can generate 1412 training 

data. For example, EEG data and subject data can be aggregated to match 

relevant EEG data with corresponding subject data. Epochs of the EEG data can 

be identified and examined to identify waveforms that conform to target
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waveforms, with waveforms lacking sufficiently similar morphology excluded from 

the training data, etc. Features of the morphology (or other properties, e.g., 

frequency-domain properties) of the waves can be generated according to a 

ruleset stored in computer memory and applied to a waveform.  

[00258] The training computer hardware 1110 can generate 1414 one or 

more SO classifiers with the training data. For example, a machine-learning 

model can be given, as input, a subset of early features of a waveform and given, 

as target output (e.g., a point of decision value), the later (e.g., occurring after a 

defined point of decisoin) features of the waveform, and the model can be trained 

to identify relationships between the input and output data.  

[00259] A wearable stimulation device (and/or related controlling computer 

hardware) 1404 can receive 1416 the SO classifier. For example, a user of the 

device 1404 may set up a user profile and provide their demographic information, 

and a demographically-matched or subject-specific classifier can be accessed 

and used for that user.  

[00260] The wearable stimulation device 1404 receives 1418 a data-stream 

for the subject. For example, the data-stream can include a real-time EEG signal 

generated by one or more EEG sensors of the device 1404. As the subject 

wears the device 1404 and sleeps, the EEG sensors can gather data of ongoing 

brain activity of the subject within a single sleep session.  

[00261] The wearable stimulation device 1404 identifies 1420 real-time data 

recording a partial SO (e.g., the start of the SO up to the point of decision as 

defined by a particular classifier). For example, the user may be sleeping and 

experiencing a SO. At the beginning of the SO, the device 1404 can identify the 

start of the SO based on the EEG data and mark that as time=0 for that SO.  

Before the end of that SO, the EEG will therefore record an incomplete SO of the 

ongoing brain activity.  

[00262] Waveform detection (e.g. detection of recordings of a partial SO 

from real-time data) can be conducted using specific criteria on amplitudes and 

durations which can be determined from the fiducial points of the detected 

waveform (see, e.g., FIG 11C). These criteria form rules that define a waveform 

to be detected in real-time, and are adjusted to the properties of the real-time 

signal, either manually or by automated processes. In many cases waveform 

does not have the same morphology in the offline-filtered signal (the ground-truth 
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morphology) as it has in the real-time-filtered signal with phase/amplitude filter 

distortions. Therefore, real-time waveform detection rules can be optimised to 

achieve highest real-time detection accuracy of waveforms which are annotated 

using an offline-filtered signal.  

[00263] The wearable stimulation device 1404 extracts 1422 SO features for 

the SO. For example, before the end of the SO, while the subject is experiencing 

the SO, the device 1404 can identify one or more timestamps of one or more 

features (e.g., some, but not all, of the features shown in FIG. 11B). These 

features may be identified by a number of milliseconds after the time=0 point 

discussed previously, or by another technologically-appropriate scheme.  

[00264] In some cases, the SO features that are extracted are created using 

one or more fiducial points selected from the group (SO Group) consisting of i) a 

positive-to-negative zero-crossing (zxl), ii) a negative-to-positive zero-crossing 

(zx2), iii) a point after zx1 at which a slope of the data-stream falls under a 

negative threshold steadyyl, iv) SO negative peak timing (negtime), v) a point 

before zx2 at which the data-stream falls under a defined positive threshold 

(steady2), vi) a SO positive peak timing (postime), and vii) a points at which 

data-stream value exceeds a defined percentage of the SO negative peak 

amplitude (negpercent). In some cases, the features are measures of timing or 

EEG signal value differences of two fiducial points. In some cases, a fiducial 

point may be used as a feature. As will be appreciated, the SO features may be 

fewer than these features, and/or may include other features.  

[00265] The wearable stimulation device 1404 determines 1424, in real-time, 

one or more predicted SO timings. For example, before this SO is completed, 

the device 1404 can generate a prediction of a time point for an as-of-yet not 

experienced or sensed feature or target morphology of the waveform. In some 

cases, this predicted SO timing is selected from the SO Group. In some cases, 

this predicted SO timing is different than the SO Group.  

[00266] To create the predicted SO timings, the device 1404 can submit, to 

the SO classifier, the already-sensed features of the SO before the SO ends, 

while the SO is ongoing, concurrent with the subject experiencing the SO. As 

described in this document, the SO classifier can be created by use of training on 

a dataset of training-SO and matching training-SO timings (e.g., 1406-612).  
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[00267] The wearable stimulation device 1404 engages 1426 a stimulation 

based on the predicted SO timing. For example, the device 1404 can engage the 

stimulation to provide the subject with a stimulation signal at the predicted SO 

timing so that the signal is received by the subject while the brain activity of the 

subject is still generating the same SO as has been discussed in 1420. As will be 

appreciated, the process 1426 can include determinations, for a given SO, to or 

not to engage stimulation. That is to say, the process 1426 can determine i) to 

stimulate and ii) when to stimulate, or can determine i) not to stimulate in which 

case ii) no stimulation timing need be determined for that SO. This technology 

may be configured to account for previous stimulation determinations when 

determining an upcoming stimulation timing. For example, the threshold to 

determine not to stimulate may begin at a lower value (e.g., 0.6) and increase for 

each sequential determination to stimulate (e.g., by 0.05) to a maximum value 

(e.g., 0.8). By use of such a scheme, the threshold to skip a stimulation is lower 

when a sequence of recent stimulations were provided, but higher to skip a 

stimulation if no stimulation has been provided recently.  

[00268] In some cases, engaging the stimulation signal involves calculating a 

delay interval to account for, for example, hardware delay, estimated real-time 

filtering delay, etc. This can include determining a delay interval based on the 

predicted SO timing within a waveform (e.g., at time = 973) minus the current 

time in the waveform (e.g., at time 933, for a difference of 120). Then, after 

delaying for the time interval (e.g., 40 milliseconds) from the completion of the 

calculation, sending an activation command to the stimulation device.  

[00269] In some cases, engaging the stimulation signal involves determining 

if a waveform is an atypical waveform and refraining from engaging the 

stimulation for that waveform. In some cases, engaging the stimulation signal 

involves determining that a waveform is a typical waveform and engaging the 

stimulation for the waveform responsive to determining that the waveform is a 

typical waveform.  

[00270] With the method 1400, real-time stimulation of a sleeping subject 

can be supplied relative to an ongoing SO event. This can allow for superior 

stimulation timing, providing stimulation to improve the health, wellness, or other 

function of the subject. Because the prediction can be performed in much less 

time than the length of time that a given SO takes, the beginning portion of a SO 
77



WO 2023/205347 PCT/US2023/019286 

can be used to predict timing of later portions of the SO when stimulation is to be 

provided. As will be appreciated, this is an advantage compared to other 

systems in which historical SO or EEG data is used to retrodict (sometimes called 

a postdiction) timing of events that are already experienced, recorded, saved to 

disk, and only then analyzed.  

[00271] As previously described, the use of a brain age metric (or another 

metric that measures brain function can be combined with these techniques to 

delivery stimulation. Some examples of such a combination are described here.  

[00272] Neurostimuation can be applied to enhance brain function, which 

can be measured using the brain age metric. For example, a baseline brain age 

metric can be collected for a subject before treatment (e.g., at Time=To). Then 

neurological stimulation can be applied using the timing determinations described 

above to rejuvenate brain function(s) activated in slow-wave sleep such as 

memory consolidation, processing speed, hormone activation, glymphatic flow 

(clearing toxic metabolic byproducts) and HRV (mood, interpersonal 

relationships). After treatment (e.g., after a single stimulation exposure in one 

sleep session, after a course of treatment over many sleep sessions), a post

treatment brain age metric can be collected at a later time (e.g., at Time=T).  

Then, depending on the outcome, the same treatment can be continued, 

treatment can be modified, etc. and subsequent brain age metrics can be 

collected (e.g., at Time=T2, T3, T4... TN).  

[00273] In some cases, audio stimulation can be combined with other 

therapeutics (e.g., drug therapy) to enhance the efficacy. In some cases, 

Schizophrenia, believed to be associated with spindle deficit, can be treated with 

drugs and audio stimulation to enhance spindle activity and accelerate the 

treatment compared to drug treatment alone.  

[00274] In some cases, TBI patients can be treated with combination of 

audio stimulation and drug therapy. It is believed that TBI patients suffer from 

poor synchronization between SOs and spindles. Therefore, audio stimulation 

can work in conjunction with drug treatment to enhance spindle coupling and 

accelerate recovery.  

[00275] In some cases, audio stimulation can be used to alleviate side 

effects of a given medication or disease. As will be appreciated, many mental 

disorders and their traditional drug therapies can produce unwanted side effects 
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that either reduce the quality of life of the patients, or cause them to halt the drug 

therapy because they perceive the side effects to be worse than the condition 

being treated. Use of audio stimulation, even if not used to treat the mental 

disorders itself, it could have a tremendous impact on the quality of life for 

individuals with these disorders by reducing the side effects discussed above. By 

reducing the side effect of a drug with audio stimulation, a patient may be able to 

tolerate the drug where they would not be able to otherwise. Some of the 

symptoms and side effects that can be reduced include, but are not limited to, 

impaired memory, reduced HRV, increased sympathetic nervous system, 

elevated cortisol levels, chronic inflammation, decreased immune response, 

fatigue, and increased insulin resistance. Audio stimulation provided with 

technology described in this document can be beneficial for each of these.  

[00276] Brain age metrics can be used for diagnostics and risk assessments.  

For example, by using brain function assessments and pattern recognition of 

unique brain wave characteristics (e.g. changes in sleep architecture, sleep 

spindle deficits, SO-Spindle coupling) clinicians can perform earlier diagnosis or 

assess severity of various conditions. Examples of these conditions include, but 

are not limited to, the following. Pre-symptomatic risk assessment for mild 

cognitive impairment (MCI) or Alzheimer's Disease may be performed. Audio 

stimulation can be used by early stage MCI patients to slow degradation in brain 

signalling/communication (i.e. SO-spindle coupling). For TBI patients, loss of 

synchronization (i.e. poorer SO-spindle coupling) is common. Therefore, a brain 

age metric can be used as a diagnostic to measure severity of TBI. For example, 

severe changes in brain age and brain age explanations (e.g., SHapley Additive 

exPlanations or SHAP) in post vs. pre injury. Audio stimulation of SWS can 

enhance neuronal communication and restore synchronization between the 

hippocampus and prefrontal cortex.  

[00277] For Long COVID patients, objective measure of brain function can 

be used to assess presence or severity of Long COVID's brain fog. Furthermore, 

recovery of these symptoms can be accelerated with audio stimulation.  

[00278] Early pre-symptom detection, risk detection, and diagnosis can be 

performed for many diseases, e.g., mild cognitive impairment (MCI), pre

symptomatic Alzheimer's disease (AD), or Schizophrenia. For example, 

prodromal Schizophrenia can be identified with this technology based on 
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objective measures, even before the subject is aware of the symptoms or before 

the symptoms have any noticeable impact on their quality of life. Schizophrenia 

(and other diseases) have unique brain wave characteristics (e.g. sleep spindle 

deficits) which can be identified with this technology. By performing objective 

diagnostics, Schizophrenia can be detected early in subjects where subjective 

diagnostic criteria is likely to miss the symptoms for diagnosis. For example, a 

patient with excellent executive function and a robust support structure may mask 

or camouflage symptoms - even from themselves - in the early stages of the 

disease. By earlier diagnosis with this technology treatment can be delivered to 

slow or halt the progression before it does impact the subject.  

[00279] This technology can be used to measure the impact of an 

intervention or combination of interventions. For example, this technology is able 

to provide an assessment that is specific enough to measure the impact of 

various treatments such as lifestyle changes, behavioral choices, medical 

management (managing hypertension, diabetes, etc.) on brain age.  

[00280] Bi-directional relationships between sleep and medical conditions 

can be measured. Said another way, this technology can be used to create a 

virtuous cycle of reducing a symptom that impairs sleep, allowing for more sleep 

causing for better outcomes of the disease that was impairing sleep in the first 

place. For example, enhancing SWS can help address the negative symptoms of 

diseases (cognitive deficits associated with schizophrenia and depression, 

improved HRV), and improved disease states can enhance the brain age metric 

for a subject. Enhanced SWS can then result in the reduction of medical 

comorbidities of mental illness, inflammation, stress, etc., that lead to premature 

death and neurodegeneration.  

[00281] Example embodiments include: 

1. A method for providing stimulation to a subject, the method comprising: 

receiving a data-stream for the subject, the data-stream comprising a 

real-time EEG signal generated by one or more EEG sensors gathering 

data of ongoing brain activity of the subject; 

identifying in the data-stream a record of a current slow oscillation 

(SO) that contains data of an incomplete SO of the ongoing brain activity; 

extracting one or more SO features for the current SO from the record 

of the current SO; 
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determining, from the SO features, one or more predicted SO values, 

the predicted SO values each being a prediction of a future event at which 

the current SO will exhibit a target morphology.  

2. The method of embodiment 1, wherein the method further comprises: 

engaging a stimulation device to provide the subject with a stimulation 

signal based on the predicted SO values such that the subject receives the 

stimulation signal while the brain activity of the subject is generating the 

current SO.  

3. The method of embodiment 2, wherein engaging the stimulation device 

comprises: 

determining a delay interval based on the predicted SO values; 

delaying for the delay interval; and 

sending an activation command to the stimulation device upon 

expiration of the delay interval.  

4. The method of embodiment 2, wherein engaging the stimulation device 

comprises determining that the current SO is a typical SO.  

5. The method of embodiment 1, wherein the one or more SO features that 

are extracted are selected from the group (SO Group) consisting of i) a 

positive-to-negative zero-crossing (zxl), ii) a negative-to-positive zero

crossing (zx2), iii) a point after zx1 at which a slope of the data-stream falls 

under a negative threshold steadyyl, iv) SO negative peak timing 

(negtime), v) a point before zx2 at which the data-stream falls under a 

defined positive threshold (steady), vi) a SO positive peak timing 

(postime), and vii) a points at which data-stream value exceeds a defined 

percentage of the SO negative peak amplitude (negpercent).  

6. The method of embodiment 5, wherein the one or more predicted SO 

values are also selected from the SO Group.  

7. The method of embodiment 5, wherein the one or more SO values are 

different than the SO Group.  
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8. The method of embodiment 2, wherein determining, from the SO features, 

one or more predicted SO values comprises submitting, to a SO-classifier, 

the SO features and receiving the predicted SO values.  

9. The method of embodiment 8, wherein the SO-classifier produces a point 

of decision.  

10. The method of embodiment 8, wherein the SO-classifier is created via 

training on a dataset of training-SO features and matching training-SO 

values.  

11. The method of embodiment 8, wherein the dataset is constructed to 

exclude atypical training-SO features.  

12. The method of embodiment 8, wherein the classifier is retrained using the 

SO features of a single night's sleep during the single night's sleep.  

13. The method of embodiment 8, wherein the classifier is trained for a 

specific morphological type of SO.  

14. The method of embodiment 8, wherein the classifier is trained for the 

subject using training data from the subject.  

15. The method of embodiment 8, wherein the classifier is trained in real-time 

using the data from a current sleep session.  

16. The method of embodiment 1, wherein determining of one or more 

predicted SO values is responsive to determining that the subject is in a 

particular sleep stage 

17. A system for providing stimulation to a subject, the system comprising: 

a data acquisition device comprising a body, one or more EEG 

sensors, and at least one stimuli generator; 

one or more processors; and 

memory storing instructions that, when executed by the processors, 

cause the processors to perform operations comprising: 

receiving a data-stream for the subject, the data-stream 

comprising a real-time EEG signal generated by the one or more EEG 
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sensors gathering data of ongoing brain activity of the subject; 

identifying in the data-stream a record of a current slow 

oscillation (SO) that contains data of an incomplete SO of the ongoing 

brain activity; 

extracting one or more SO features for the current SO from 

the record of the current SO; 

determining, from the SO features, one or more predicted 

SO , the predicted SO timings each being a prediction of a future time at 

which the current SO will exhibit a target morphology.  

18. The system of embodiment 16, wherein the body is a headband that 

includes a curved shape that is configured to extend around each ear of a 

subject and under a nape of the back of a subject's head.  

19. The system of embodiment 16, wherein the operations further comprise: 

engaging the at least one stimuli generator to provide the subject with 

a stimulation signal at the predicted SO values such that the subject 

receives the stimulation signal while the brain activity of the subject is 

generating the current SO.  

20. The system of embodiment 16, wherein the stimuli generator generates 

audio stimuli.  

21. The system of embodiment 16, wherein determining, from the SO 

features, one or more predicted SO values comprises submitting, to a SO

classifier, the SO features and receiving the predicted SO values.  

22. The system of embodiment 16, wherein the one or more SO features that 

are extracted are selected from the group (SO Group) consisting of i) a 

positive-to-negative zero-crossing (zxl), ii) a negative-to-positive zero

crossing (zx2), iii) a point after zx1 at which a slope of the data-stream falls 

under a negative threshold steadyyl, iv) SO negative peak timing 

(negtime), v) a point before zx2 at which the data-stream falls under a 

defined positive threshold (steady), vi) a SO positive peak timing 

(postime), and vii) a points at which data-stream value exceeds a defined 

percentage of the SO negative peak amplitude (negpercent).  
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[00282] Although a few implementations have been described in detail 

above, other modifications are possible. Moreover, other mechanisms for 

performing the systems and methods described in this document may be used.  

In addition, the logic flows depicted in the figures do not require the particular 

order shown, or sequential order, to achieve desirable results. Other steps may 

be provided, or steps may be eliminated, from the described flows, and other 

components may be added to, or removed from, the described systems.  

Accordingly, other implementations are within the scope of the following claims.  
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WHAT IS CLAIMED IS: 

1. A system for use in determining metrics of a subject, the system comprising: 

one or more processors; and 

memory storing instructions that, when executed by the processors, 

cause the processors to perform operations comprising: 

receiving physiological measures of the subject recorded at 

least partly while the subject is asleep; 

receiving demographic data for the subject, the 

demographic data comprising a chronological age for the subject when the 

physiological measures were recorded; 

generating, using the physiological measures and from the 

demographic data, segmented training-data that specifies a plurality of 

epochs of time, and data for the subject in each epoch; 

generating, using the segmented training-data, sleep

structure features for the subject; 

selecting a subset of the sleep-structure features as 

selected features; 

generating one or more function-metric classifiers using the 

selected features, comprising training a model that defines at least one 

relationship between the physiological measures and the chronological age, 

the function-metric classifier configured to: 

receive, as input, new physiological measures; 

and 

provide, as output, a function-metric value 

determined based on the defined relationship between the physiological 

measures and the chronological age.  

2. The system of claim 1, wherein the demographic data further comprises at 

least one of the group consisting of an identifier, a gender, sociodemographic 

data, medical data, behavioral data, and lifestyle data that have been entered 

by the subject into an input device of the system.  

3. The system of claim 1 or claim 2, wherein the physiological measures of the 

subject comprise at least one of the group consisting of a frontal 
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electroencephalography (EEG) channel, two EEG channels, forehead 

photoplethysmography (PPG), blood oxygen saturation (SpO2), 

electromyography (EMG), electrooculography (EOG), electrodermal activity 

(EDA), and actigraphy data.  

4. The system of any one of claims 1 to 3, wherein: 

the physiological measures of the subject were recorded at least partly 

while the subject is asleep and provided with at least one stimuli of the group 

consisting of audio stimuli, light stimuli, vibratory, electrical stimuli, open-loop 

stimuli, and closed-loop stimuli; and 

the physiological measures comprising timing info defining timing of 

stimuli provided to the subject.  

5. The system of any one of claims 1 to 4, wherein generating, using the 

physiological measures and from the demographic data, segmented training

data comprises: 

applying band-pass filters to at least some of the physiological 

measures; 

combining at least two EEG signals to create a virtual EEG signal; 

extracting heartbeat times from PPG signals by detecting peaks in the 

PPG signals; 

segmenting the physiological measures into a plurality of epochs of 

time; 

generating, for each epoch of time, at least one of the group consisting 

of multiple time-domain features, frequency domain features, and nonlinear or 

complex signal descriptives; and 

accessing tagging data that tags each epoch of time with a sleep 

stage from the group consisting of wakefulness, rapid eye movement (REM) 

sleep, non-REM sleep stage 1 (N1), non-REM sleep stage 2 (N2), non-REM 

sleep stage 3(N3), and non-REM sleep stage 4(N4).  

6. The system of any one of claims 1 to 5, wherein generating, using the 

segmented training-data, sleep-structure features for the subject comprises: 

determining macrostructure features for the subject describing at least 

one of the group consisting of sleep-stage duration, sleep-stage percentage, 

sleep-stage transition probability, sleep fragmentation, and awakenings; 
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determining microstructure features for the subject describing at least 

one of the group consisting of stage-specific EEG features, waveform-specific 

EEG features, and stimulus-response EEG features; 

determining cardiac features for the subject using at least one of the 

group consisting of heartbeat times and tagging data that tags epochs of time 

with sleep stage; and 

determining respiratory features for the subject describing at least one 

of the group consisting of blood oxygenation, heart rate, heart beat times, and 

sleep apnea, using at least one of the group consisting of blood oxygen 

saturation (SpO2) and the tagging data.  

7. The system of any one of claims 1 to 6, wherein selecting a subset of the 

sleep-structure features as selected features comprises: 

transforming at least one of a plurality of features selected from the 

group consisting of macrostructure features, microstructure features, cardiac 

features, and respiratory features; and 

aggregating sleep-structure features from multiple sleep-sessions.  

8. The system of any one of claims 1 to 7, wherein selecting a subset of the 

sleep-structure features as selected features comprises: 

identifying the subset of the sleep-structure features as those features 

most predictive of the chronological age of the demographic data.  

9. The system of any one of claims 1 to 8, wherein selecting a subset of the 

sleep-structure features as selected features comprises sequentially 

calculating the cross-validated mean absolute error (MAE) with a regression 

model, wherein the regression model is an extreme learning machine (ELM) 

regressor.  

10. The system of any one of claims 1 to 9, wherein training the model that 

defines at least one relationship between the physiological measures and the 

chronological age comprises determining hyperparmeters for the model using 

a Bayesian optimization algorithm targeting a repeated k-fold cross-validation 

using at least one of the group consisting of a regression; a regression with a 

loss function based on a residual-label covariance analysis, and a deep label 

distribution algorithm.  
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11. The system of any one of claims 1 to 10, wherein training a model that defines 

at least one relationship between the physiological measures and the 

chronological age comprises refining the model to reduce age-dependent 

bias.  

12. The system of any one of claims 1 to 11, wherein the classifier is further 

configured to provide, as output, at least one of the group consisting of a 

confidence value, a variance-from-chronological-age value, a model 

interpretation, an interpretation of the model's output, a human-readable 

instruction displayable to a user of an output device, and an automation

instruction that, when executed by an automated device causes the 

automated device to actuate.  

13. The system of any one of claims 1 to 12, wherein the operations further 

comprise distributing the function-metric classifiers to a plurality of user 

devices that are configured to sense new physiological measures of other 

subjects at least partly while the other subjects are asleep.  

14. The system of any one of claims 1 to 13, wherein the operations further 

comprise: 

receiving new physiological measures of the subject recorded at least 

partly while the subject is asleep and recorded after the function-metric 

classifiers have already been generated; 

submitting the new physiological measures to at least one of the 

function-metric classifiers as the input; and 

receiving as output from the at least one function-metric classifier the 

function-metric value.  

15. The system of any one of claims 1 to 14, wherein the operations further 

comprise estimating a predicted function-metric for the subject to represent a 

measure of predicted future physiological measures at a future chronological 

age.  

16. A system for use in determining metrics of a subject, the system comprising: 

one or more processors; and 

memory storing instructions that, when executed by the processors, 

cause the processors to perform operations comprising: 
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receiving physiological measures of the subject recorded at 

least partly while the subject is asleep; 

receiving demographic data for the subject, the 

demographic data comprising a chronological age for the subject when the 

physiological measures were recorded; 

generating one or more function-metric classifiers using 

selected features, comprising training a model that defines at least one 

relationship between physiological measures and a chronological age, the 

function-metric classifier configured to: 

receive, as input, new physiological measures; 

and 

provide, as output, a function-metric value 

determined based on the defined relationship between the physiological 

measures and the chronological age; 

wherein the selected features are created by: 

generating, using the physiological measures 

and from the demographic data, segmented training-data that specifies a 

plurality of epochs of time, and data for the subject in each epoch; 

generating, using the segmented training-data, 

sleep-structure features for the subject; and 

selecting a subset of the sleep-structure features 

the selected features.  

17. The system of claim 16, the physiological measures of the subject were 

recorded at least partly while the subject is asleep and provided with at least 

one stimuli of the group consisting of audio stimuli, light stimuli, vibratory, 

electrical stimuli, open-loop stimuli, and closed-loop stimuli; and 

the physiological measures comprising timing info defining timing of 

stimuli provided to the subject.  

18. The system of claim 16 or claim 17, wherein generating, using the 

physiological measures and from the demographic data, segmented training

data comprises: 

applying band-pass filters to at least some of the physiological 

measures; 
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combining at least two EEG signals to create a virtual EEG signal; 

extracting heartbeat times from PPG signals by detecting peaks in the 

PPG signals; 

segmenting the physiological measures into a plurality of epochs of 

time; 

generating, for each epoch of time, at least one of the group consisting 

of multiple time-domain features, frequency domain features, and nonlinear or 

complex signal descriptives; and 

accessing tagging data that tags each epoch of time with a sleep 

stage from the group consisting of wakefulness, rapid eye movement (REM) 

sleep, non-REM sleep stage 1 (N1), non-REM sleep stage 2 (N2), non-REM 

sleep stage 3(N3), and non-REM sleep stage 4(N4).  

19. The system of any one of claims 16 to 18, wherein generating, using the 

segmented training-data, sleep-structure features for the subject comprises: 

determining macrostructure features for the subject describing at least 

one of the group consisting of sleep-stage duration, sleep-stage percentage, 

sleep-stage transition probability, sleep fragmentation, and awakenings; 

determining microstructure features for the subject describing at least 

one of the group consisting of stage-specific EEG features, waveform-specific 

EEG features, and stimulus-response EEG features; 

determining cardiac features for the subject using at least one of the 

group consisting of heartbeat times and tagging data that tags epochs of time 

with sleep stage; and 

determining respiratory features for the subject describing at least one 

of the group consisting of blood oxygenation, heart rate, heart beat times, and 

sleep apnea, using at least one of the group consisting of blood oxygen 

saturation (SpO2) and the tagging data.  

20. The system of any one of claims 16 to 19, wherein selecting a subset of the 

sleep-structure features as selected features comprises: 

transforming at least one of a plurality of features selected from the 

group consisting of macrostructure features, microstructure features, cardiac 

features, and respiratory features; and 

aggregating sleep-structure features from multiple sleep-sessions.  
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