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Abstract
Study Objectives:  Wearable sleep technology has rapidly expanded across the consumer market due to advances in technology and increased interest in 

personalized sleep assessment to improve health and mental performance. We tested the performance of a novel device, the Happy Ring, alongside other 

commercial wearables (Actiwatch 2, Fitbit Charge 4, Whoop 3.0, Oura Ring V2), against in-lab polysomnography (PSG) and at-home electroencephalography (EEG)-

derived sleep monitoring device, the Dreem 2 Headband.

Methods:  Thirty-six healthy adults with no diagnosed sleep disorders and no recent use of medications or substances known to affect sleep patterns were 

assessed across 77 nights. Subjects participated in a single night of in-lab PSG and two nights of at-home data collection. The Happy Ring includes sensors for skin 

conductance, movement, heart rate, and skin temperature. The Happy Ring utilized two machine-learning derived scoring algorithms: a “generalized” algorithm that 

applied broadly to all users, and a “personalized” algorithm that adapted to individual subjects’ data. Epoch-by-epoch analyses compared the wearable devices to 

in-lab PSG and to at-home EEG Headband.

Results:  Compared to in-lab PSG, the “generalized” and “personalized” algorithms demonstrated good sensitivity (94% and 93%, respectively) and specificity (70% and 

83%, respectively). The Happy Personalized model demonstrated a lower bias and more narrow limits of agreement across Bland-Altman measures.

Conclusion:  The Happy Ring performed well at home and in the lab, especially regarding sleep/wake detection. The personalized algorithm demonstrated improved 

detection accuracy over the generalized approach and other devices, suggesting that adaptable, dynamic algorithms can enhance sleep detection accuracy.
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Statement of Significance

Sleep wearable devices have proliferated the commercial market in recent years. We evaluated the sleep-tracking performance of the novel 
Happy Ring, alongside the Actiwatch, Fitbit, Whoop, and Oura Ring devices, relative to both in-lab polysomnography (PSG) and an at-home 
sleep monitor. The Happy Ring has additional sensors including skin temperature and electrodermal activity. The study evaluated two 
different scoring algorithms, a “generalized” and a “personalized.” Both algorithms demonstrated good sensitivity and specificity for the 
detection of sleep in-lab and at-home, with the personalized approach performing statistically, significantly, specificity than other devices, 
an area in which sleep trackers often struggle. The Happy Ring compares well to in-lab PSG and its “personalized” approach offers a poten-
tial innovation in sleep detection accuracy.
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Introduction

Personal sleep health is increasingly recognized as an im-
portant factor in physical and mental health, affecting one’s 
performance, response to stressors, and emotional regulation 
throughout the day [1–6]. Wearable technology provides oppor-
tunities to assess sleep health in real-world situations so that as-
sociations with relevant health and performance outcomes can 
be examined in the context of reliable, objective recordings in 
naturalistic settings [7–11]. This has proven useful, as wearable 
technology to assess sleep has been used to explore associations 
with cardiovascular disease [12, 13], metabolic dysregulation [12, 
14], inflammation [15, 16], mental health [17, 18], physical per-
formance [19], and other outcomes, including mortality [20].

As the technology develops, there is an increasing prolifer-
ation of wearable devices aimed at the consumer market [21, 
22]. Initially, these devices offered a high degree of scalability but 
presented significant limitations on accuracy [23–25]. However, 
this gap has been closing recently, as studies increasingly dem-
onstrate that newer consumer sleep-tracking devices can reli-
ably estimate sleep-wake states with at least as much accuracy 
as standard scientific devices [26–29]. Improved sleep-wake pre-
diction performance in consumer devices is likely related to the 
increased capabilities of physiologic signals in wearable tech-
nology [27, 30]. Additionally, scoring algorithms have advanced, 
and now frequently include complex machine learning algo-
rithms that may also improve sleep detection [31–33].

For these reasons, standards for the validation [9, 34] and 
implementation [10, 35] of new technologies have been put for-
ward for sleep predictions. Further, the concept of evaluating 
the performance of devices for sleep prediction has emerged 
as a strategy for addressing the limitations of more traditional 
validation approaches [10, 36]. With the establishment of these 
standards, applications of novel sensors and scoring strategies 
have been called for [11].

Accordingly, the present study evaluates the performance 
of a novel device both in the laboratory and at home, rela-
tive to a gold-standard comparator (in-lab polysomnography; 
PSG), an at-home electroencephalogram (EEG) device (Dreem 2 
Headband). Moreover, this study aims at comparing perform-
ance metrics obtained in both settings with that of commer-
cially available and widely used wearable devices. Specifically, 
this study aims to (1) quantify the accuracy of sleep detection 
relative to in-lab and at-home sleep assessment by evaluating 
sensitivity and specificity, (2) quantify the accuracy of sleep 
stage classification compared to in-lab and at-home sleep as-
sessment by evaluating sensitivity and specificity, (3) quantify 
the relative performance of the investigational device compared 
to existing consumer sleep tracking devices, and (4) evaluate 
the relative performance of two different machine learning ap-
proaches for sleep scoring.

Methods

Participants

Participants were recruited through multiple strategies, 
including emailing past research study participants and using 
word of mouth. Participants were eligible to participate if 
they: fell within the age range of 20 to 65 years of age, had no 
known or diagnosed sleep, mental health, or significant medical 

disorders, were not pregnant, had no regular nicotine use within 
the past month, no habitual use of antidepressants, beta-
blockers, stimulant medications, prescription pain medications, 
or antiseizure medications within the past 3 months, had not 
used cannabis products within the past 2 weeks, and had a ha-
bitual sleep window and average nightly sleep within a normal 
range (defined as average bedtime after 9 pm and before 2 am 
and average wake-up time after 5 am and before 10 am). Data 
were collected from 40 participants who met inclusion criteria, 
over the course of 122 nights. After removing data where device 
failure or data quality issues occurred, data were ultimately ana-
lyzed for 36 adults across 77 nights of sleep. The study protocol 
was approved by the Solutions Institutional Review Board.

Measures

Happy Ring measurement and data processing. The study de-
vice (“Happy Ring”) consisted of a finger-worn device that in-
cludes sensors for (1) electrodermal activity (EDA), (2) 3-axis 
accelerometry, (3) photoplethysmography (PPG)-derived heart 
rate, and (4) skin temperature. The Happy Ring measures EDA 
using a medical grade 3-electrode impedance sensor, with data 
collected at 8 Hz. The Happy Ring measures acceleration using a 
smartphone-class microelectromechanical, multiaxial acceler-
ometer embedded within the device, with data collected at 104 
Hz. The Happy Ring collects PPG data at 100 Hz from the PPG 
sensor, which provides the opportunity to assess heart rate that 
is computed using a proprietary algorithm. The Happy Ring col-
lects skin temperature using a medical grade ± 0.1°C accuracy 
temperature sensor, collected at 1 Hz. Raw data collected from 
the Happy Ring were streamed to an associated digital applica-
tion through a data download process conducted each day of 
the study period.

In-lab PSG

In-lab PSG was accomplished using a Respironics Alice 6 diag-
nostic sleep system, with Natus Neurology Gold Cups as leads. 
The system used EEG (F3-A2, F4-A1, C3-A2, C4-A1, O1-A2, O2-A1), 
electromyogram amplifier module (chin), and electrooculogram 
(LOC-A2, ROC-A2) channels. In addition to three electrocardio-
gram (EKG) patches, chest and abdomen belts, and a thermistor 
and a nasal cannula. Scoring was performed by a certified 
polysomnographic technician, following the standard American 
Academy of Sleep Medicine scoring rules [37].

At-home sleep assessment

At-home sleep assessment was performed using the Dreem 2 
Headband to record electroencephalographic and other signals. 
The Dreem 2 Headband includes 5 dry-EEG sensors (O1, O2, FpZ, 
F7, F8), in addition to a 3D accelerometer to monitor movement 
and head position [38]. Participants wore the Dreem 2 Headband 
on two consecutive nights at home. Data were scored using 
the standard Dreem settings. Sleep stage predictions using the 
Dreem 2 Headband are provided automatically, with demon-
strated accuracy in the range of individual scorers using PSG 
data [38]. Although the Dreem 2 Headband does not completely 
replace standard in-lab PSG, it does approximate laboratory PSG 
better than sleep wearables that use only peripheral signals 
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(total sleep time [TST] differential of 1.4 ± 19.0 min between five-
clinician consensus review and Dreem 2) [28, 39].

Alternative sleep-tracking devices

In addition to the Happy Ring, participants were also asked to 
wear up to four other sleep-tracking devices. First, participants 
were asked to wear the Actiwatch 2 from Philips Respironics. 
The Actiwatch is a gold-standard actigraphy device, with well-
characterized validation data (sleep-wake sensitivity ≥ 0.93) [7, 
28]. The Actiwatch uses a 3-axis accelerometer and scores sleep 
based on movement data. Data were extracted from the wrist-
band at the conclusion of each trial using the computer-based 
Actiware software, and were scored using the standard algo-
rithm, without additional hand-scoring. Second, participants 
were asked to wear a Fitbit device (Fitbit Charge 4, Fitbit Inc.). 
This commercially available device uses both accelerometry and 
PPG heart rate data to estimate sleep and wake [30]. Previous 
studies have shown that the Fitbit device is a valid and reliable 
tool for assessment of sleep, with strong agreement compared 
with PSG (sleep-wake sensitivity ≥0.93) [28, 30, 40, 41]. Third, 
participants were asked to wear a Whoop device (Whoop 3.0, 
Whoop Inc.). This device is also commercially available and uses 
both movement and PPG data to estimate sleep [42, 43]. Some 
previous studies have demonstrated that this device is accurate 
when compared to PSG (sleep-wake sensitivity ≥ 0.90) [42]. 
Finally, participants were asked to wear an Oura Ring (model 
V2). Like the Happy Ring, the Oura Ring is worn on the finger 
and includes sensors for accelerometry and PPG heart rate data 
for the estimation of sleep (sleep-wake sensitivity = 0.96) [44]. 
Due to inventory constraints and a desire to maintain partici-
pant compliance to the study protocol, not all participants wore 
all devices during the three nights of data collection. Devices 
were rotated between users to make sure the same number of 
nights of data were available for all devices. Data were collected 
from Fitbit Charge 4, Whoop 3.0 Wristband, and Oura Ring de-
vices (and Dreem 2 during at-home studies) through device-
associated digital applications downloaded to a single iPhone 
SE provided to the participant to best ensure synchrony of the 
recorded data. The PSG computer clock was observed to present 
the same time as the iPhone SE and EKG/PPG data was reviewed 
in post-analysis to ensure synchronization. All systems output 
hypnograms in 30-second windows, except for Oura, which out-
puts in 5-minute windows. Sleep windows for each device were 
auto-detected, with participants being instructed to put on the 
devices at least one hour before their anticipated bedtime.

Device placements for finger-based wearables were deter-
mined by best fit. Several device sizes were provided at the sleep 
lab to select the optimal size, and best-fit fingers were selected 
for both the Happy Ring and the Oura Ring, prioritizing the place-
ment of both rings on the nondominant hand. Additionally, the 
Actiwatch was placed on the right wrist, and the Whoop and 
Fitbit devices were both placed on the left wrist, with the Whoop 
placed proximal, and the Fitbit placed distal from the hand.

Procedure

All participants participated in a three-night study which in-
cluded one night in a sleep laboratory and two subsequent 
nights at home. Data were collected from participants over the 

course of 2 months between March 2021 and May 2021. In the 
lab, the sleep period was defined as lights off and lights on ac-
cording to the PSG labels for the lab trials. Lights off were en-
forced by the lab technician based on a 60-minute window of 
each participant’s self-reported normal weekday bedtime. Lights 
on were marked based on each participant’s natural wake-up 
but were enforced if the wake-up had not occurred by 7:00 am 
local time. At home, participants were instructed to adhere to 
their regular sleep schedule, and the sleep period was defined as 
the start and end of the Dreem 2 Headband recordings. The start 
of each Dreem 2 headband recording was user-initiated within 
the associated digital application, and recording end was initi-
ated by removing the device.

Preprocessing of Happy Ring signals included linear interpol-
ation of missing data when the gap was less than 3  s. When 
the gap was larger, null/missing values were used (0.2% of in-lab 
data). Signals were interpolated to 52 Hz, 8 Hz, 1 Hz, and 1 Hz for 
acceleration, EDA, heart rate, and temperature, respectively. The 
sleep lab and at-home sleep datasets were analyzed separately.

All data from the Happy Ring were analyzed in 30-second 
epochs. From these data, 211 features were extracted: 55 fea-
tures from acceleration, 26 features from EDA, 103 features from 
heart rate, 26 features from temperature, and 1 feature from 
time elapsed. Examples of features are mean, standard devi-
ation, range, and frequency of values and variables. To stand-
ardize values, they were converted to z-scores for each data 
sample, defined as a night of sleep.

Determining sleep-wake and sleep stage data with the 
Happy Ring

Sleep outcomes for each night of sleep were calculated offline 
on a computer using Python, including time elapsed from the 
start and end of each sleep period. From these signals, data were 
merged into 30-second epochs across all channels. Key metrics 
obtained from the devices included epoch-by-epoch sleep and 
wake estimations, as well as time in bed (TIB), sleep latency 
(SL), wake after sleep onset (WASO), TST (computed as TIB – SL – 
WASO), and further classifying sleep as either “Deep” (Non-rapid 
eye movement [NREM]; stage N3), “Light” (NREM stage N1 or N2), 
or rapid eye movement (REM).

Generalized and Personalized Happy algorithms were devel-
oped by being trained only on Happy Ring data to meet PSG or 
Dreem2 sleep stage outputs. A central part of the analysis was 
how the train-test split was defined; In other words, determining 
what time snippets of the data were used to learn the param-
eters of the classifier, and what snippets were used to infer sleep 
stages [45, 46]. Two sets of metrics were used to quantify sleep 
stage prediction accuracy:

	1.	 “Happy Generalized” was developed by doing a leave-one-
out cross-validation [45, 46] at the level of the users. This 
approach involved training on all but one subject’s data and 
then testing on that user, repeating across users. For ex-
ample, for the in-lab studies, the Generalized algorithm for 
a given user’s night was created by using the other 32 users’ 
In-Lab Happy Ring data as the training set and the PSG 
outputs as the training classifier goal. The output feature 
weights were then applied to that one-left-out night as the 
test set, the classification outputs of which are reported in 
the results. This approach tests the generalization ability of 
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the sleep stage classifier across subjects, with learning and 
inference done on different subject nights. This effectively 
results in 33 separate versions of the Generalized algorithm 
for in-lab studies, one for each night of the study. This pro-
cess was repeated for the Field recordings using Dreem2 as 
the reference targets.

	2.	 “Happy Personalized” was developed by training and testing 
on all subjects using different nonoverlapping time win-
dows, allowing for learning and inference on identical 
groups of subjects. This included a fivefold cross-validation 
where 80% of the data were used for training, and 20% of 
the data were reserved for testing. First, the 30-second seg-
ments from all users were randomly sorted into five group-
ings. Then each of the groupings from all users was used 
as a testing set for an algorithm trained on the combined 
other four groupings from all users. This process was re-
peated for each of the five groupings, creating five sepa-
rate Personalized algorithms for In-Lab and five for Field. 
For testing and analysis, the scored segments for each night 
were stitched back together. This approach evaluates the 
personalization of the sleep stage classification by including 
data from each night within the training set but not testing 
upon that data.

If the data contained many subjects that had a wide range of 
physiological responses, both approaches would yield similar 
results. For example, if every user has the same general range 
for EDA mean values, then both algorithms will appropriately 
weight that particular feature. However, if the data were based 
on a small subset of subjects or nights, both approaches can give 
different results reflecting the data sampling bias, and not the 
inference quality [45, 46]. This would be represented in a situ-
ation where a particular user has a very low or high EDA mean 
value, leading to the Generalized weights for that particular 
feature being improperly balanced for that particular user [47]. 
Therefore, the Happy Generalized approach could underestimate 
the sleep stage prediction accuracy because training and testing 
data may be very different, whereas the Happy Personalized 
scoring method would give a more accurate representation of 
the prediction accuracy because the classifier learns from each 
subject night. In this case, the Personalized algorithm would 
include data reflecting that user’s range, such that the subject 
with low EDA values would have the weights and scaling for that 
particular feature that are more appropriate, personalizing the 
algorithm to that user.

Both approaches inform on different aspects of sleep stage 
prediction. Happy Generalized can be interpreted as a general-
ized approach that does not take into consideration the evalu-
ated subject. On the other hand, Happy Personalized used the 
evaluated subject for learning, providing a more individualized 
sleep prediction that includes samples from that particular 
user, reducing the impact on users with features that may 
be considered outliers. In the context of our research, Happy 
Generalized validated the models by setting a baseline that can 
be applied to a new user, and Happy Personalized demonstrates 
how the incorporation of a user’s personal data can improve 
upon the baseline by personalizing the sleep stage prediction 
process.

The training data exhibited a strong class imbalance (22% 
deep, 41% light, 27% REM, and 10% awake samples across all 
nights). To overcome this, the training data were randomly 

under-sampled. A  random forest classifier was trained and 
determined the optimal number of estimators as 10 using a 
cross-validated grid search. The classifier provided a probability-
of-class membership for each sample in the unbalanced testing 
set. Then, post-processing of interpolation and Gaussian 
smoothing was applied to this probability distribution before 
making a categorical prediction by finding the location of the 
maximum of this probability distribution. Finally, ad hoc heur-
istics were used to avoid unlikely changes in sleep stages, for 
example, from awake to deep sleep. Those heuristics included 
removing short deep sleep stages if they occurred right after an 
awake period, removing short awake periods if they occurred 
right after deep periods, and removing all short periods in any of 
the sleep stages, regardless of the previous sleep stage.

Data analyses

First, to determine whether sleep continuity (asleep vs awake) 
and sleep architecture (sleep staging) significantly differed be-
tween the Happy Ring and both in-lab PSG and at-home Dreem 
2 Headband recordings at time, linear models evaluated mean 
differences between the values obtained by the Happy Ring and 
either laboratory PSG or Dreem 2 Headband results, separately. 
Sleep continuity was evaluated by determining TST (calculated 
as number of segments in a sleep stage between sleep onset 
and final awakening × minutes/segment) and WASO (calcu-
lated as number of segments awake after sleep onset until final 
awakening × minutes/segment). Sleep architecture was defined 
as time in each of the following sleep stages: deep, light, REM, 
and wake (calculated as number of segments in a sleep stage × 
minutes/segment).

Second, classification accuracy was assessed using a confu-
sion matrix, separately evaluating the Happy Generalized and 
Happy Personalized against both laboratory PSG for the first 
night of data collection in the lab, and the Dreem 2 Headband 
for data collected during the two subsequent nights at home. 
Accuracy was defined as the percent of agreement between each 
individual investigational device, and the comparison reference 
(in-lab PSG or at-home Dreem 2 Headband).

Third, accuracy of both the Happy Generalized and Happy 
Personalized algorithms for sleep versus awake, as well as for 
individual sleep stages relative to laboratory PSG and Dreem 2 
Headband was compared to similar values obtained from Fitbit, 
Whoop, and Oura devices. Sensitivity, specificity, negative pre-
dictive values (NPVs), and positive predictive values (PPVs) were 
compared across Happy Generalized, Happy Personalized, Fitbit, 
Whoop, Oura, and Actiwatch for sleep-wake detection and sleep 
stage classification separately, using either laboratory PSG or 
Dreem 2 Headband as the true state for reference.

Fourth, mean differences for TST and WASO, and sleep 
stages between PSG or Dreem 2 Headband as compared to 
the wearables (Happy Generalized, Happy Personalized, Fitbit, 
Whoop, Oura, and Actiwatch) were evaluated for all devices ex-
cept Actiwatch, which does not provide sleep staging results.

Results
The mean age of the sample was 33.8  years (SD  =  7.8  years, 
range= 22 years – 51 years). The sample was 56% female, mean 
body mass index was 23.4 (SD  =  3.8). The sample was 30.6% 
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non-Hispanic White. A full breakdown of sample characteristics 
is reported in Table 1.

When polysomnographic values from the laboratory and 
home references were compared, small, nominal differences 
were observed. Overall, no significant difference was observed 
in TST and WASO between the home and lab; the mean TST 
was 432 min (SD = 38 min) in the lab and 442 min (SD = 50 min) 
at home. Mean WASO was 24 min (SD = 16 minutes) in the lab 
and 24 minutes (SD  =  14 minutes) at home. The sleep stage 
distribution was different between lab and home data record-
ings, with a greater relative percentage of the night in light 

sleep in the laboratory and greater relative percentages of deep 
and REM sleep at home. A figure depicting observed values for 
sleep stages across both in-lab and at-home settings can be 
found in Supplemental Figure S1. Figure 1 depicts examples of 
Generalized and Personalized Happy Ring hypnogram outputs 
superimposed over in-lab PSG-derived sleep stages and at-home 
Dreem-derived sleep stages, separately for nights where the 
Happy Ring performed well, moderately, and poorly.

Sleep detection and sleep staging performance in a 
laboratory setting

Table 2 presents the performance of sleep detection in a labora-
tory setting for the Happy Personalized and Happy Generalized 
algorithms, along with that of the other studied devices: Oura, 
Whoop, Fitbit, and Actiwatch, as compared to the gold standard 
of laboratory PSG. The overall sleep detection accuracy for the 
Happy devices was 0.92 (SD = 0.04) using the Happy Personalized 
algorithm, and 0.91 (SD = 0.04) using the Happy Generalized al-
gorithm. Sleep detection accuracy values for other devices fell 
between 0.84 and 0.88. Table 2 also reports sensitivity, specificity, 
PPV, and NPV for these devices. Significance of the differences 
between the Personalized algorithm and the other devices was 
calculated using paired two-tailed t-tests. In the laboratory 

Table 1.  Characteristics of the sample

Variable Category/units Values 

N Subjects N = 36
Sex Male 55.6%

Female 44.4%
Age Years 23.4 (SD = 3.8)
Body mass index Kg/m2 23.4 (SD = 3.8)
Race/ethnicity Non-Hispanic White 25 (69.4%)

Hispanic/Latino 3 (8.3%)
Asian/Asian American 6 (16.7%)
Other/unknown 2 (5.6%)

Figure 1.  Comparison of hypnograms between Happy algorithms and both in-lab and at-home polysomnography references. In the Good and Typical examples, sleep 

stages for the Happy Ring display high degrees of overlap with the PSG and Dreem 2 Headband, while the Poor example shows more variation between the two. (A). 

Comparison of hypnograms between Happy algorithms and in-lab polysomnography reference. (B). Comparison of hypnograms between Happy algorithms and Dreem 

2 Headband.
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environment, the Happy Personalized algorithm demonstrated 
significantly higher values for accuracy, specificity, PPV, and 
NPV for sleep detection compared to all other devices studied (p 
< .001), while sensitivity was comparable (nonsignificant at p < 
.001 level for all devices).

The performance of sleep stage predictions for light, deep, 
REM, and wake were also evaluated. For light, deep, and REM sleep, 
Happy Personalized demonstrated comparable sensitivity and spe-
cificity to other devices, and significantly better values for accuracy, 
PPV, and NPV compared to other devices studied (p < .001). Values 

Table 2.  Sleep detection of studied devices compared to in-lab polysomnography and Dreem 2 Headband at home

Sleep detection of studied devices compared to in-lab polysomnography

 
Personalized  
Mean ± SD 

Generalized  
Mean ± SD 

Oura  
Mean ± SD 

Whoop  
Mean ± SD 

Fitbit  
Mean ± SD 

Actiwatch  
Mean ± SD 

N  
Successful uses (distinct subjects)

33 (33) 33 (33) 30 (30) 33 (33) 27 (27) 26 (26)

Accuracy 0.92 ± 0.04 0.91 ± 0.04 0.88 ± 0.05* 0.86 ± 0.05* 0.84 ± 0.07* 0.85 ± 0.07*
Sensitivity 0.93 ± 0.04 0.94 ± 0.04 0.93 ± 0.05 0.90 ± 0.05 0.89 ± 0.09 0.94 ± 0.03
Specificity 0.83 ± 0.11 0.70 ± 0.18* 0.49 ± 0.22* 0.54 ± 0.18* 0.49 ± 0.18* 0.19 ± 0.12*
PPV 0.97 ± 0.02 0.96 ± 0.03* 0.94 ± 0.04* 0.93 ± 0.05* 0.92 ± 0.05* 0.89 ± 0.07*
NPV 0.61 ± 0.23 0.61 ± 0.25 0.48 ± 0.20* 0.45 ± 0.21* 0.39 ± 0.18* 0.33 ± 0.21*
Sleep detection of studied devices compared to Dreem 2 Headband
N  
Successful uses (distinct subjects)

40 (26) 40 (26) 29 (19) 31 (20) 25 (17) 30 (20)

Accuracy 0.92 ± 0.04 0.89 ± 0.04* 0.92 ± 0.03 0.89 ± 0.08 0.89 ± 0.04 0.89 ± 0.03*
Sensitivity 0.93 ± 0.04 0.91 ± 0.05* 0.96 ± 0.03 0.91 ± 0.09 0.92 ± 0.05 0.94 ± 0.02
Specificity 0.75 ± 0.11 0.73 ± 0.11 0.59 ± 0.13* 0.59 ± 0.21* 0.60 ± 0.13* 0.41 ± 0.12*
PPV 0.97 ± 0.01 0.97 ± 0.03 0.96 ± 0.02* 0.96 ± 0.02* 0.96 ± 0.03 0.93 ± 0.04*
NPV 0.54 ± 0.18 0.47 ± 0.20* 0.59 ± 0.18 0.49 ± 0.20 0.44 ± 0.16* 0.42 ± 0.17*

*Indicates significantly different from Personalized p-value < .001.

Figure 1.  Continued.
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for accuracy, sensitivity, specificity, PPV, and NPV for all study de-
vices compared to the lab PSG can be found in Supplemental Table 
S1. For data collected in the sleep laboratory, TST estimates, WASO, 
and sleep stages, relative to PSG values, are depicted in Figure 
2A–C, respectively for each of the devices studied.

Bland-Altman plots comparing the Happy Generalized and 
Happy Personalized algorithms with in-lab PSG were computed. 
Data comparing these algorithms relative to sleep continuity 
and sleep stages are reported in Figure 3A and B, presenting 
Happy Generalized and Happy Personalized, respectively. There 
is a trend of discrepancies between Happy Ring and PSG out-
puts increasing as the “true” measures of sleep increase, which 
is representative of the fact that the larger the PSG measure 
is, the more likely the Happy Ring value will be lower than it. 
Largest biases are seen in the overdetection of Light sleep and 
underdetection of Deep sleep by the Happy Ring.

Sleep detection and sleep-staging performance in a 
home setting

The sleep detection performance at-home of the Happy 
Personalized and Happy Generalized algorithms, along with 
those of Oura, Whoop, Fitbit, and Actiwatch devices are pre-
sented in Table 2. The overall accuracy for the Happy devices was 
0.92 (SD  =  .04) for the Happy Personalized algorithm and 0.91 
(SD = .04) for the Happy Generalized algorithm when compared 
to the Dreem 2 Headband. Values for sleep detection accuracy at 
home for other devices feel between 0.89 and 0.92. Specificity, 
sensitivity, PPVs, and NPVs for sleep detection for these devices 
are also reported in Table 2.

For data collected at home, TST estimates, relative to Dreem 
2 Headband values, are depicted in Figure 2D, and differences 
in WASO across devices are reported in Figure 2E. There were 
no significant differences in average measured TST or WASO 

Figure 2.  Comparison of deviations from in-lab and at-home polysomnography for Happy algorithms and other studied devices. Violin plots demonstrate the aggre-

gation of data near to the line of no difference in measures, with positive values signifying over detection by the Happy Ring and negative values signifying under 

detection. The width of the plot signifies the density of values near a given value, and the tails extend to the full ranges of the outputs. The box plot inside the violin 

plot plots the median, interquartile range, and data range excluding outliers. (A) In-lab total sleep time. (B) In-lab WASO. (C) In-lab time in each sleep stage. (D) At-home 

total sleep time. (E) At-home WASO. (F) At-home time in each sleep stage.
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between devices at home or in the lab. Figure 2F shows dif-
ferences for sleep stages across devices. Bland-Altman plots 
comparing the Happy Generalized and Happy Personalized al-
gorithms with at-home Dreem 2 outputs were computed. Data 
comparing these algorithms relative to sleep continuity and 
sleep stages are reported in Figure 3C and D. Sleep stage biases 
are similar for the two algorithms, though the Generalized al-
gorithm shows a larger skew for proportional values as the dur-
ation of each stage’s detection by Dreem 2 increased.

Confusion matrices

Confusion matrices are depicted in Figure 4. Figure 4A depicts 
the 4-stage confusion matrix comparing Happy Generalized and 
in-lab PSG. Figure 4B depicts the confusion matrix for Happy 
Personalized and in-lab PSG. Figure 4C and D depict the confu-
sion matrices for Happy Generalized and Happy Personalized at 
home, respectively. Due to unbalanced classes, values presented 
are each prediction’s normalized detection frequency with 

regards to the reference (PSG or Dreem 2 Headband), including 
mean, SD, and confidence interval. The color indicates the scaled 
probability of occurrence of a specific pair, hence artificially re-
moving class imbalance. The title in each plot shows the average 
classification accuracy across all sleep stages.

Discussion
The present study evaluated the performance of the Happy 
Ring for the evaluation of sleep continuity and sleep architec-
ture among healthy working-age adults, using two different 
scoring approaches—Generalized and Personalized. Compared 
to both laboratory PSG and at-home Dreem 2 Headband, the 
Generalized scoring strategy demonstrated sensitivity and spe-
cificity for sleep-wake detection similar to other comparable 
devices that have been previously empirically evaluated. The 
Personalized scoring strategy maintained similar sensitivity 
to the Generalized approach, but also demonstrated improved 
specificity relative to the other devices studied for sleep-wake 

Figure 2.  Continued.
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detection. Regarding sleep staging, the rate of agreement be-
tween the Happy Ring and both the Dreem 2 Headband and 
laboratory PSG for light, deep, and REM sleep was moderate, 
similar to other sleep-tracking devices to which it was com-
pared. The Personalized scoring approach, again, demonstrated 
improved accuracy for discernment of sleep stages compared 
to other devices evaluated. Taken together, the Happy Ring and 
associated sleep scoring algorithms detected sleep versus wake 
relative to both home and laboratory references, in line with 
other devices that also use movement and heart rate to evaluate 
sleep. Further, the Personalized scoring approach consistently 
performed better than the Generalized approach.

The main finding from this work is that, among generally 
healthy adults, the Happy Ring performs comparably in terms of 
discerning sleep versus wake when compared to other similar 
devices in both a lab and an at-home setting. The degree of sen-
sitivity (93%–94%) was similar to the other devices that were 
evaluated (89%–94%). This is in line with previous work, which 
shows that these and similar devices typically demonstrate 

sensitivity over 90% [28, 44]. However, it should be noted that 
the sensitivity found for some of the comparison devices in this 
study was a few percentage points below that seen in previously 
published studies using those same devices or comparable de-
vices from the same company, though within the range of error 
[28, 44]. This finding could be a result of a myriad of factors, such 
as a more diverse sample in the present study, the presence of 
an at-home component of the protocol, the use of multiple de-
vices simultaneously in what may be nonoptimal positioning 
(such as having two devices on a single wrist), or may be related 
to other unknown factors.

When evaluating sleep detection, specificity refers to the 
ability of a device to detect wakefulness in the context of other-
wise continuous sleep. This is the parameter for which current 
devices tend to perform less well. A recent paper by Chinoy et al. 
compared seven different devices and found specificity values 
between 18% and 54% [28]. These findings are similar to those 
observed in the present study, which found specificity values 
ranging from 19% to 54% across previously-studied devices 

Figure 2.  Continued.
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relative to in-lab PSG. The Happy Generalized algorithm per-
formed nominally better, with 70% specificity in-lab. The Happy 
Personalized approach demonstrated statistically significantly 
improved performance over the other devices evaluated, with a 
mean specificity of 83% in-lab and 75% at home. This suggests 
that the personalized approach may be a strategy for improving 
sleep detection by improving the ability of the device to discern 
wake epochs. This is especially important for the evaluation of 
relatively healthy sleepers, as most healthy sleepers will achieve 
a sleep efficiency of over 90% [48]. If a device simply scores every 
epoch as sleep, with no discernment or algorithm, it will appear 
to have 90% accuracy. In this case, it would have 100% sensitivity 
but 0% specificity. Therefore, for a consumer device that will 
presumably be used to assess sleep in individuals with gener-
ally high sleep efficiency, higher specificity is perhaps more im-
portant than overall accuracy because of the skewed nature of 

sleep-wake data in healthy populations. For this reason, the im-
proved specificity of the Happy Personalized scoring approach 
may represent a significant innovation that can improve the 
utility of wearable sleep assessments.

Regarding sleep stages, the Happy Ring sleep scoring algo-
rithms performed relatively well at discerning light (stages N1 
and N2), deep (stage N3), and REM sleep. Previous studies have 
shown that peripheral data from heart rate and movement can 
be used to approximate sleep stages, but these algorithms are 
still limited in providing more than a general approximation 
[30, 49]. For this reason, peripherally scored sleep staging data 
are still insufficient for replacing sleep stages derived from PSG. 
Regardless, values from at-home sleep tracking devices can be 
useful, especially as they can be sampled over many days and 
in large numbers of people, unlike PSG [9, 11]. For sleep stage 
classification, the performance of the Happy Generalized model 

Figure 3.  Bland-Altman plots comparing Happy Generalized to in-laboratory polysomnography and Dreem 2 Headband. (A) Bland-Altman plots comparing Happy 

Generalized to in-laboratory polysomnography. (B) Bland-Altman plots comparing Happy Personalized to in-laboratory polysomnography. (C) Bland-Altman plots com-

paring Happy Generalized to Dreem 2 Headband. (D) Bland-Altman plots comparing Happy Personalized to Dreem 2 Headband.
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performed about the same as other similar devices on the 
market both in-lab and at-home. More importantly, the Happy 
Personalized model performed significantly better than other 
comparable devices for classification of all sleep stages in re-
gards to accuracy, sensitivity, PPV, and NPV in the lab.

We also evaluated the level of agreement between the Happy 
Ring (Personalized and Generalized) and in-lab PSG as well as 
the Dreem 2 Headband via discrepancy analysis, graphically dis-
played as Bland-Altman plots (Figure 3). Bland-Altman plots are 
considered to be a key method in analyzing the agreement be-
tween two continuous medical measurements [10]. The majority 
of measures showed a negative proportional bias, whose magni-
tude depended on the range of PSG or Dreem 2 Headband meas-
ures. In other words, sleep continuity and staging tended to be 
underestimated by the Happy Ring for cases showing higher 
PSG-derived or Dreem 2 Headband-derived measures. This was 
not always the case, however, as some measures showed very 

little bias. Such was the case with WASO and light sleep de-
rived from the Happy Ring relative to the Dreem 2 Headband, 
indicating close agreement. In general, the Happy Personalized 
model demonstrated slightly better performance than the 
Generalized model, reflected by an overall lower bias and more 
narrow limits of agreement across measures. Thus, the Happy 
Ring compares relatively well to both PSG and the Dreem 2 
Headband, although discrepancies of sleep variables tended to 
be larger as “true” measures of sleep increased.

The first actigraphy scoring studies used hand scoring [50]. 
Soon afterward, scoring algorithms were introduced [51] and 
subsequently refined [52, 53]. These algorithms started as basic 
prediction equations that used weighted values from the epoch 
of interest and multiple epochs in the past or future to deter-
mine, based on movement, if an individual is awake or asleep 
[52–54]. Over time, and with the inclusion of other signals like 
heart rate, these algorithms have become more complex [28, 

Figure 3.  Continued.
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41]. A  more recent advance is the use of machine learning to 
not only derive an optimal scoring algorithm based on a specific 
signal but also as part of a strategy to combine multiple signals 
[4, 32, 33]. Although this approach has demonstrated improve-
ments over older approaches, there is still the limitation that 
the algorithm itself remains largely static and generalized to the 
population, rather than to the individual. However, with the ad-
vent of improved computing power, it is possible to develop an 
algorithm that is dynamic and changes based on the users’ own 
data. This personalization is the difference between the Happy 
Generalized and Personalized approaches. The Generalized ap-
proach, as evaluated in this study, represents a relatively static 
algorithm that is universally applied to all records, which is 
the standard approach across other devices. Since a general-
ized approach is functionally similar to the algorithms in the 
other studied devices, it is unsurprising that this algorithm 
performs comparably well. The Personalized scoring approach, 

however, represents a potential innovation, in that it starts 
with generalized parameters but changes over time-based on 
use. As the user wears the device over multiple subsequent re-
cording periods, the algorithm modifies itself in response to the 
parameters obtained by that user. Thus, the scoring algorithm 
is fluid and unique across users, based on their own data. This 
approach—a dynamic, personalized algorithm—demonstrated 
the best performance both in the lab and at home, especially for 
the key parameter of specificity. Future algorithm development 
for sleep wearables may be improved by including an individu-
alized scoring component.

This study had several unique strengths. Objective 
polysomnographic sleep was assessed both in the laboratory 
and at home, under naturalistic conditions. Further, the per-
formance of the Happy Ring was assessed relative to other types 
of devices, including standard actigraphy (i.e. Actiwatch), wrist-
worn multisensory device (i.e. Fitbit, Whoop), and ring-worn 

Figure 3.  Continued.
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multisensory device (i.e. Oura). The design of the study and the 
subsequent analytic methods were aligned with recent guide-
lines and recommendations for sleep-tracking device evaluation 
[9, 10].

However, the study did have some limitations. The sample 
size was relatively small and consisted of generally healthy 
adults, which may limit generalizability of the findings, though 
Personalization over time of the algorithm as planned imple-
mented in the consumer application should adapt over time. 
Future research in evaluation of the Happy Ring and associated 
sleep algorithms will aim to collect data from a wider, more di-
verse population, improving the base scaling of the features for 
the Generalized algorithm that will then be personalized per 
user. Additionally, the home-based comparison recordings were 
obtained using a commercial device (i.e. Dreem 2 Headband) ra-
ther than traditional laboratory PSG. The home-based studies 
allowed for multiple nights of recording from the participants 

while in their own beds, allowing for a larger sample size, but 
this did lead to an unequal number of complete nights of data 
between subjects. Specifically, the 40 complete at-home nights 
come from 26 subjects, meaning 14 of the samples are second 
nights and 12 subjects only have one complete at-home night 
in the dataset. The study was designed, implemented, and 
analyzed with the intention of treating each of these recorded 
nights independently, though there may be some influence in 
the outcomes from the fact that some of the samples come from 
the same subject but on a separate night. Lastly, the algorithms 
underlying the Happy Generalized and Happy Personalized 
scoring strategies are considered proprietary and rely on undis-
closed factors.

In conclusion, the present study describes the initial develop-
ment and assessment of the Happy Ring, a novel device for the 
assessment of sleep continuity and sleep architecture. Overall, 
the device performed well, demonstrating good sensitivity and 

Figure 3.  Continued.

D
ow

nloaded from
 https://academ

ic.oup.com
/sleep/advance-article/doi/10.1093/sleep/zsac152/6620808 by O

U
P site access,  aaron on 29 July 2022



14  |  SLEEP, 2022, Vol. XX, No. XX

moderate specificity, comparable to other consumer devices on 
the market. When compared to other consumer sleep-tracking 
devices, the Happy Generalized scoring procedure demonstrated 
similar performance for sleep detection and sleep stage classi-
fication; while the novel Happy Personalized algorithm demon-
strated significant improvement in performance compared to 
other devices studied. The final device will process the data in a 
similar manner to that in the study, batch processed for an en-
tire night upon user awakening. The processing will begin using 
a Generalized algorithm that adapts over time as data from the 
user is recorded, adjusting feature weights and ranges to form a 
Personalized algorithm. The outputs to the user will include an 
epoch-by-epoch hypnogram with sleep stages as well as aggre-
gate night metrics.

Future research should examine the performance of this de-
vice in other contexts and larger samples. In addition, future 

work should explore the value of additional peripheral signals 
to the assessment of sleep in the context of overall health and 
wellbeing. Finally, the improved performance of the Happy 
Personalized algorithm suggests that sleep assessment using 
wearables can be improved by developing more dynamic and 
adaptable algorithms that leverage user data prospectively.

Supplementary Material
Supplementary material is available at SLEEP online.
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Figure 4.  Confusion matrices comparing Happy algorithms to in-lab polysomnography and Dreem 2 Headband references. Each box includes the mean accuracy and 

the (SD) and [95% Confidence Interval]. Sensitivity and specificity for sleep stage classifications ± SD are presented outside the confusion matrix. (A) Confusion matrix 

for Happy Generalized in-lab. (B) Confusion matrix for Happy Personalized in-lab. (C) Confusion matrix for Happy Generalized at-home. (D) Confusion matrix for Happy 

Personalized at-home.
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