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A B S T R A C T   

Background: A single-night attended in-laboratory polysomnography or home sleep testing are common ap
proaches for obstructive sleep apnea (OSA) diagnosis. However, internight variability in apnea-hypopnea index 
value is common, and may result in misclassification of OSA severity and inapropriate treatment decisions. 
Objective: To investigate factors determining short-term apnea-hypopnea index variability using multi-night 
automated home sleep testing, and to determine how this variability impacts clinical decisions. 
Patients/methods: Adults with suspected OSA who successfully performed three home sleep tests using mea
surements of mandibular jaw movements (Sunrise, Namur, Belgium) combined with automated machine 
learning analysis were enrolled. Data analysis included principal component analysis, generalized estimating 
equation regression and qualitative agreement analysis. 
Results: 160 individuals who performed three sleep tests over a mean of 8.78 ± 8.48 days were included. The 
apnea-hypopnea index varied by − 0.88 events/h (5th-95th percentile range: − 14.33 to 9.72 events/h). Based on 
a single-night recording, rates of overtreatment and undertreatment would have been of 13.5% and 6.0%, 
respectively. Regression analysis adjusted for age, sex, body mass index, total sleep time, and time between home 
sleep tests showed that time spent in deep non-rapid eye movement sleep and with head in supine position were 
independent significant predictors of the apnea-hypopnea index variability. 
Conclusions: At the individual level, short-term internight variability in the apnea-hypopnea index was signifi
cantly associated with time spent in deep non-rapid eye movement sleep and head in supine position. Clinical 
decisions based on a single-night testing may lead to errors in OSA severity classification and incorrect thera
peutic decisions.   

1. Background 

Obstructive sleep apnea (OSA) is a major chronic health problem that 
has multi-organ consequences and is associated with a high economic 
and social burden. OSA affects nearly a billion people worldwide [1], 
often goes undiagnosed, and can have serious health consequences over 
time if left untreated. 

The recommended procedure for establishing a diagnosis of OSA 
requires a single-night in-laboratory polysomnography (PSG) or home 

sleep apnea test (HSAT). The latter is suitable in individuals with high 
pre-test probability for OSA who do not have co-morbidities that could 
influence diagnosis performance [2]. A comprehensive evaluation with 
in-laboratory PSG is recommended for these individuals if the initial 
HSAT is negative [2]. 

It has been reported that there are no statistically or clinically sig
nificant differences in the apnea-hypopnea index (AHI) recorded on two 
consecutive PSG recordings (mean difference 0.14 events/h, 95% con
fidence interval − 1.86 to 2.15 events/h) [2]. However, although 
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internight variability in AHI may be clinically negligible at the popu
lation level, recent publications have highlighted considerable short- or 
long-term night-to-night within-subject variability in AHI, especially 
(but not only) with HSAT [3–6]. This night-to-night variability in AHI 
can lead to a misclassification of OSA severity and either a delayed 
treatment or, conversely, overtreatment [5,7–9]. 

The within-subject variability in the clinical status of sleep- 
disordered breathing (SDB) across multiple nights of testing is due to 
various overlapping factors that can differ from one night to the other 
(Fig. 1). These factors include wake/sleep habits, alcohol or drug con
sumption, social jetlag, rostral fluid shift, natural night-to-night changes 
in sleep architecture (i.e., respective proportions of time spent in non- 
rapid eye movement [NREM] and rapid eye movement [REM] sleep), 
and changes in body and head positions during sleep [10–14]. 

Because the in-laboratory PSG is performed in a setting that differs 
from the home sleep environment, it may also affect sleep quality. This 
well-known phenomenon, called the first night effect, is characterized 
by lower sleep efficiency, decreased REM sleep and total sleep time 
(TST), and increased sleep and REM latencies. All of these can lead to 
underestimation of OSA severity on the first night of testing. The 
severity of OSA may also contribute to within-subject variability in the 
AHI, with the most important variability observed in those with milder 
disease. Other elements impacting the AHI variability can be controlled 
in a sleep study and relate to environmental effects (in-laboratory PSG 
versus HSAT), the type of recording system (more or less obtrusive), and 
the scoring approach (manual or automated) [15,16]. 

Recently, a new HSAT composed of a single point of contact sensor 
attached to the individual’s chin (Sunrise, Namur, Belgium) has been 
introduced and showed to be a reliable home-based alternative in the 
evaluation of OSA [17–19]. With this device, the AHI is automatically 
derived from a machine learning-based analysis applied to mandibular 
jaw movements bio-signals. Mandibular jaw movements have been 
extensively studied over the last decade and were recently shown to be a 
reliable surrogate of the esophageal pressure gold standard signal to 
measure respiratory effort during sleep [20]. In addition to standard 
indices such as the AHI or respiratory disturbance index (RDI) also 

including respiratory effort-related arousals (RERAs), a new metric, the 
respiratory effort burden, or the proportion of sleep time spent in 
increased respiratory effort (REMOV) compared to normal breathing, is 
also provided. This unique index was recently identified as a stronger 
predictor of hypertension than common polysomnography-derived 
metrics in OSA patients [21]. Additionally, this device informs about 
the position of the head, provides accurate TST estimation by differen
tiating between wake and sleep states, and identifies sleep stages (light 
NREM, deep NREM and REM) [22]. 

The primary objective of this study was to explore interrelationships 
between different factors responsible for AHI variability in individuals 
with suspected OSA who were evaluated on three different occasions 
with a noninvasive tool using mandibular jaw movement measurements 
coupled with an automated scoring algorithm. A secondary objective 
was to evaluate the impact of repeated sleep recordings [5,23,24] on 
OSA diagnosis and severity classification that could impact on thera
peutic decision-making. 

2. Methods 

2.1. Study design 

Data was acquired from 160 adult participants from a database of 
people who registered to use the home sleep apnea test based on auto
mated mandibular jaw movement analysis (Sunrise, Namur, Belgium) 
between January 1, 2020, and March 30, 2022. This selected sample was 
composed of participants from European countries. All participants 
provided informed consent for their de-identified data to be used for 
research purposes. This study was approved by the Ethics Committee of 
the Faculty Hospital of Liège University, Belgium (ref 2023/96). 

2.2. Data acquisition 

Mandibular jaw movement bio-signals were captured using the 
Sunrise device (Sunrise, Namur, Belgium) [17–22]. This device com
prises a single point of contact sensor weighing 3 g that is attached to the 

Fig. 1. Factors associated with AHI variability and 
study protocol. A diagram summarizing the factors 
potentially associated with apnea-hypopnea index 
variability that were evaluated in the current analysis 
and details of the study protocol in which three sleep 
tests were performed at home using the Sunrise de
vice. AHI, apnea-hypopnea index; CAHI, central 
apnea-hypopnea index; NREM, non-rapid eye move
ment; OAHI, obstructive apnea-hypopnea index; RDI, 
respiratory disturbance index; REM, rapid eye move
ment; REMOV, sleep time spent in increased respira
tory effort; SE, sleep efficiency; SOL, sleep onset 
latency; WASO, wake time after sleep onset.   
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mentolabial sulcus of the individual. It includes an embedded inertial 
measurement unit that records the rotational movement of the mandible 
using a gyroscope and the position of the mandible using an acceler
ometer. The sensor communicates with a smartphone application for 
external control and enables mandibular jaw movement data transfer 
overnight via Bluetooth. Recorded raw data is then transferred to a 
cloud-based infrastructure at the end of the night using a secured data 
protocol, where it is pre-processed and automatically analyzed by a 
machine learning-based algorithm. Detailed information about the val
idity of automated mandibular jaw movement analysis is provided in the 
supplementary material. The position is labelled as supine when the 
head rests against the occipital area and non-supine when outside the 
occiput (Fig. S1). 

2.3. Data analysis 

Data processing and analysis was conducted using statistical 
computing packages in Python and R programming languages numpy 
[26], scipy [27] and FactoMineR [28]. 

A two-step analysis plan was undertaken. First, a principal compo
nent analysis (PCA) [29] was performed to explore the structural cor
relation between fifteen parameters that could contribute to the 
variability in AHI, including sleep quality and architecture (TST, sleep 
onset latency [SOL], wake time after sleep onset [WASO], sleep effi
ciency [SE], and proportion of TST spent in REM, light and deep NREM 
sleep), proportion of TST with head in supine and non-supine positions, 
and indices of OSA severity including respiratory effort related measures 
(AHI, obstructive AHI [OAHI], central AHI [CAHI], RDI, sleep time 
spent in increased respiratory effort [REMOV], arousal index [ArI]). 
Assuming that a decision to treat OSA is made when AHI is >15 events/h 
regardless of symptoms, data structure was divided into four distinct 
subgroups based on the change in AHI from one night to another (in
crease or decrease, with or without crossing an AHI cut-off of 15 
events/h), and whether or not the change in AHI would result in a 
change in clinical decision-making [30]. Second, the effect of 9 sleep 
parameters (TST, SOL, WASO, SE, proportion of REM, light and deep 
NREM sleep, and proportion of sleep time with head in 
supine/non-supine positions), three anthropometric parameters (body 
mass index [BMI], age, neck circumference) and time interval between 
sleep tests on the night-to-night AHI variability was estimated by 
generalized estimating equation (GEE) regression analysis [31]. 

Then, the impact of internight AHI variability on the diagnosis and 
severity classification of OSA was evaluated. Four OSA categories were 
defined as follows: non-OSA (AHI <5 events/h); mild OSA (AHI 5 to <15 
events/h); moderate OSA (AHI 15 to <30 events/h); and severe OSA 
(AHI ≥30 events/h) [32]. The probability of transition from one clinical 
category to another based on recordings from one night to another was 
determined and visualized in a network. The impact of a two-night sleep 
testing compared to a single-night testing on the accuracy of OSA 
diagnosis was also determined. The average AHI obtained over the three 
recordings was considered the reference clinical OSA status. A permu
tation test was then used to compare diagnostic performance metrics 
(sensitivity, specificity, F1 score, negative/positive predictive values 
and likelihood ratios) between a single-night and a two-night sleep 
testing for the detection of OSA at AHI cut-off values of ≥5, ≥15 and ≥
30 events/h. The permutation test consisted of building a theoretical 
distribution of the mean between two groups from all possible permu
tations, then of verifying how frequent each difference was based on 
random grouping (permutation) and whether this was large or more 
extreme than the factual difference. 

Statistical inferences were based on null-hypothesis testing (Fried
man andConover post-hoc tests, Wald test and permutation tests), at a 
significance level of p = 0.005. 

3. Results 

3.1. Study population 

A total of 160 participants (53 women, 107 men) were included. The 
mean ± standard deviation age of the participants was 47.9 ± 12.6 
years, mean BMI was 28.1 ± 6.1 kg/m2 and mean neck circumference 
was 39.7 ± 5.5 cm. The gender-specific distribution of sleep parameter 
variations across the three nights is outlined in the supplementary ma
terial, Tables S1 and S2. 

All participants successfully completed three sequential sleep tests at 
home, over an interval of 8.78 ± 8.48 days. The mean interval between 
recording night 1 and night 2 was 3.90 ± 5.18 days, and between night 2 
and night 3 was 4.50 ± 5.38 days. Of all parameters recorded, the only 
one that showed a statistically significant change from night 1 to night 2 
and from night 1 to night 3 was SOL (p < 0.005) (Table 1). 

3.2. AHI variability 

Variability in AHI was common at the individual level, with only 
5.6%–11.3% of observations having a stable AHI (defined as a relative 
change of <5% compared with the preceding night, or night 1). The AHI 
increased across the three nights of assessment in 33.1–47.5% of ob
servations and decreased in 46.9–57.5% of observations. The within- 
subject variation was randomly distributed and there was no clinical 
pattern of increasing or decreasing AHI over the 3 nights. 

Pairwise analysis showed that night-to-night AHI variations were 
randomly distributed within a 95% percentile range of − 13.43 to +7.96 

Table 1 
Variations in key home sleep apnea testing parameters across different nights.   

Home sleep apnea testing 

Night 1 Night 2 Night 3 

TST, min 399.67 
[281.78–507.70] 

406.00 
[252.85–519.55] 

408.75 
[267.93–503.55] 

SOL, min 10.75 [2.50–45.72] 
* 

8.75 [0.16–24.53] 8.92 [2.48–23.92] 

WASO, min 47.00 
[10.00–135.70] 

38.00 
[9.32–116.68] 

41.25 
[10.95–110.15] 

SE, % 86.97 
[69.08–95.89] 

88.82 
[71.74–96.00] 

88.66 
[72.62–96.68] 

Deep NREM, 
% TST 

6.99 [0.42–15.83] 6.60 [0.16–15.90] 6.80 [0.11–18.55] 

Light NREM, 
% TST 

81.54 
[67.48–93.64] 

81.04 
[66.40–95.53] 

80.12 
[66.01–94.15] 

REM, % TST 11.02 [3.58–22.13] 11.28 [2.53–22.82] 10.71 [3.52–21.96] 
NREM, % TST 88.98 

[77.87–96.42] 
88.72 
[77.18–97.47] 

89.29 
[78.03–96.47] 

Head non- 
SUP, % TST 

86.75 
[45.34–100.00] 

88.13 
[55.67–100.00] 

86.82 
[47.86–100.00] 

Head SUP, % 
TST 

13.25 [0.00–54.66] 11.87 [0.00–44.33] 13.18 [0.00–52.14] 

AHI, events/h 12.03 [4.94–32.88] 11.86 [3.68–35.82] 10.98 [4.38–30.82] 
ArI, events/h 25.10 

[13.67–46.32] 
25.50 
[12.68–48.59] 

25.10 
[12.49–41.92] 

OAHI, 
events/h 

7.17 [1.60–29.92] 7.25 [1.35–31.24] 6.24 [1.02–24.03] 

CAHI, 
events/h 

3.41 [0.00–13.63] 3.10 [0.17–14.13] 3.16 [0.26–12.51] 

RDI, events/h 15.40 [5.83–39.34] 15.61 [4.41–43.92] 14.25 [5.23–39.04] 
REMOV, % 

TST 
43.50 
[12.95–85.20] 

42.00 
[12.00–83.00] 

41.00 
[10.90–84.00] 

Data were described as median [5th - 95th centiles]; *p < 0.005 vs. other nights. 
AHI, apnea-hypopnea index; ArI, arousal index; CAHI, central apnea-hypopnea 
index; Head non-SUP; head in non-supine position; Head SUP, head in supine 
position; NREM, non-rapid eye movement; OAHI, obstructive apnea-hypopnea 
index; RDI, respiratory disturbance index; REM, rapid eye movement; 
REMOV, sleep time spent in increased respiratory effort; SE, sleep efficiency; 
SOL, sleep onset latency; TST, total sleep time; WASO, wake time after sleep 
onset. 
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events/h (night 1 to night 2), − 15.40 to +7.25 events/h (night 2 to night 
3) and − 13.66 to +8.59 events/h (night 1 to night 3), with very low 
median values (+0.05, − 0.63 and − 1.48 events/h, respectively). Except 
for two individuals with extreme variations (− 33.42 and +27.52 
events/h), the distribution of internight AHI variability was similar 
across the three nights and within each OSA severity subgroup. Inter
night AHI variability at the individual level is visualized in Fig. S2. 

3.3. Correlations between variations in sleep indices across recordings 

A PCA showed the inter-relationship among the internight variation 

of sleep parameters derived from measurement of mandibular jaw 
movements, overall and in the four clinical subgroups (Fig. 2). Along 
with OAHI and RDI, variations in time spent in light NREM sleep, 
REMOV, ArI and time with head in supine position contributed to the 
definition of the two extreme clinical subgroups (A [overtreated pa
tients, n = 65; 14%] and D [undertreated patients, n = 29; 6%]). In 
contrast, variations in WASO and SOL did not correlate with AHI vari
ability. Specific values for variation in all these indices are presented in 
Table S1. 

While quantitative agreement analysis at the population level did not 
show any significant change in AHI distribution across the three nights 

Fig. 2. Distribution and correlation structure of the variations in mandibular jaw movement-derived indices. Density plots representing the distribution of night-to- 
night variation in mandibular jaw movement-derived indices and total sleep time (a); principal component analysis graphs consisting of a bi-dimensional density and 
scatter plot layer, representing the joint distribution of two first principal components (1 and 2), and coordinates of the 15 input variables as vectors (b). In part (b), 
each dimension forms an apparent scale which is proportional to the standardized values of input variables. Thus, a positive coordinate value indicates an increase 
while a negative value indicates a decrease. Each point represents an observation unit (variation from a pair of two sequential nights, n = 480). Each vector rep
resents a variable, and its length and orientation with respect to a principal component axis indicate how much the variable contributes to that component; angles 
between the vectors and their direction allow evaluation of correlations (small angles indicate a strong positive correlation; opposite angles indicate a negative 
correlation). In both (a) and (b), data distribution is stratified into four subgroups based on the AHI tendency to change from a night to another and whether or not 
this change resulted in a difference in OSA therapeutic decision (at an apnea-hypopnea index [AHI] cut-off of 15 events/h). Group A (n = 65): lower AHI from one 
night to the next with a change in therapeutic decision; Group B (n = 207): lower AHI from one night to the next without any change in therapeutic decision; Group C 
(n = 179): higher AHI from one night to the next without any change in therapeutic decision; Group D (n = 29): higher AHI from one night to the next with a change 
in therapeutic decision. AHI, apnea-hypopnea index; ArI, arousal index; CAHI, central apnea-hypopnea index; Head_NoSUP; head in non-supine position; Head_SUP, 
head in supine position; NREM, non-rapid eye movement; OAHI, obstructive apnea-hypopnea index; RDI, respiratory disturbance index; REM, rapid eye movement; 
REMOV, sleep time spent in increased respiratory effort; SE, sleep efficiency; SOL, sleep onset latency; TST, total sleep time; WASO, wake time after sleep onset. 
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of assessment, a clinical-based stratification allowed the identification of 
two subgroups (A and D) that showed uncertainty in OSA severity 
classification or a false negative diagnosis and/or in appropriate treat
ment. The time interval between two consecutive nights of assessment 
was not significantly associated with internight variation in any 
parameter. 

The independent effects of variations in nine sleep, three anthropo
metric parameters and interval between nights on AHI variability are 
shown in Fig. 3. Time spent in deep NREM sleep and with head in supine 
position were independent significant predictors of AHI variation. After 
adjustment for TST and time interval between nights, regression models 
showed that there was an internight change in AHI of 1.0 event/h for 
each 10% increase in sleep time with head in supine position, and an 
internight decrease in AHI of 2.9 events/h for each 10% increase in the 
proportion of time spent in deep NREM sleep (p < 0.001). In addition, a 
decrease in TST had a slight but significant effect on internight AHI 
variability. 

3.4. Internight AHI variability and clinical decision-making 

As shown in Fig. 4, night-to-night variation in AHI may lead to un
certainty in the clinical classification of OSA severity, although the 
pattern of transitions in clinical severity grading was consistent across 
the three nights. 

Individuals with mild OSA showed the best within-subject repro
ducibility in clinical OSA severity classification (Fig. 4). In this popu
lation, AHI remained within the original range in most cases (from 
75.3% between nights 1 and 3 to 83.2% between nights 2 and 3). 
However, 40.0–70.0% of participants with a normal AHI (<5 events/h) 
on the first night transitioned to having an AHI of greater OSA severity 
on the second or third night, indicating that the first sleep test provided a 
false negative diagnosis. A transition between OSA severity categories 
was most common from non-OSA to mild OSA on the first night of 
assessment. Of those having mild OSA initially, 9.0–13.5% and 
1.2–2.3% of individuals had an AHI indicating moderate and severe OSA 
at the next measurement, respectively. A decline in OSA severity clas
sification between two sleep tests occurred in all OSA severity subgroups 
(i.e., from severe to moderate, moderate to mild, or mild to non-OSA) 
but was most common between two adjacent categories of OSA 
severity. Skipping a category occurred infrequently, and no cases with 
transition from non-OSA to severe OSA were observed. 

3.5. OSA severity classification based on a single-night versus two-night 
testing 

For this analysis, the AHI average value based on 3 nights of 
assessment was considered to indicate the true clinical condition, and 
appropriate treatment was prescribed if an AHI score greater than 15 
events/h was measured. Clinical decision-making based on a single- 
night AHI score (from night 1, 2 or 3) was different to the decision 
based on the AHI score obtained by averaging the score from the three 
nights in 19.6% of cases (94/480 observations). Moreover, an over- 
treatment due to an overestimated AHI on a single-night test would 
have been prescribed in 13.5% of cases (65/480 observations) and 6.0% 
(29/480 observations) would not have received treatment due to un
derestimation of AHI during a single-night test. 

For the three OSA categories at AHI cut-off values of 5, 15 or 30 
events/h, the diagnostic performance was significantly improved when 
two nights of assessment were performed compared with a single-night 
recording (Table 2). 

4. Discussion 

This study analyzed the complex relationship between various 
contributing factors and determined short-term internight AHI vari
ability using an automated device across three nights of recording for 
the first time. The availability of multidimensional data about the var
iations in different parameters derived from measurement of mandib
ular jaw movements allowed principal component analysis that was 
used to provide a comprehensive description of these variations and 
their interrelationship. The resulting loading plot also facilitated intui
tive understanding of how variations in sleep parameters contribute to 
the variation of AHI. 

It is known that being monitored can trigger a “first night effect”, but 
this study aimed to capture short-term variability without imposing a 
strict protocol on the patients. To ensure comfort and engagement, pa
tients were allowed to choose the nights of recording. The study pre
sented successive recordings instead of consecutive ones to capture 
natural inter-night variability while minimizing interference in behav
ioral and lifestyle factors such as nutrition, physical activity, alcohol, 
caffeine use, and tobacco intake. This approach focused on short-term 
variability rather than night-to-night variability. 

The findings of this study indicate that internight AHI variability 
could have important consequences regarding clinical and treatment 
decision-making. Data analysis also indicates that sleeping with the 

Fig. 3. Effect of variation of sleep and anthropometric 
parameters on the night-to-night AHI variability. 
Marginal effect of variation in 10 sleep and three 
anthropometric parameters on night-to-night vari
ability in the apnea-hypopnea index (AHI) determined 
using general estimating equation (GEE) models. 
These models estimated AHI variability depending on 
the variability of a target parameter, after adjustment 
for the effect of variation in total sleep time (TST) and 
interval between testing nights. Dots represent the 
estimated value and horizontal lines represent the 
95% confidence interval (absolute values are shown 
to the right of the graph). Statistical inferences were 
based on Wald test at significance threshold of p =
0.005. BMI, body mass index; evt, events; Head_
NoSUP; head in non-supine position; Head_SUP, head 
in supine position; Neck circ., neck circumference; 
NREM, non-rapid eye movement; REMOV, sleep time 
spent in increased respiratory effort; SE, sleep effi
ciency; SOL, sleep onset latency; WASO, wake time 
after sleep onset.   
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head in supine position is independently associated with greater AHI 
variability, whereas sleep quality (based on the proportion of sleep time 
spent in deep NREM sleep) is an independent contributor to less vari
ability in AHI. 

The within-subject variability in AHI was caused by a variety of 
factors related to natural changes in sleep position and sleep quality [5, 
9]. A strength of our study was to use an unobtrusive tool using 
mandibular jaw movement measurements coupled with an automated 
scoring algorithm across three separate nights of recording. This 
approach reduced the classical “first night effect” observed with 
in-laboratory PSG [8] and eliminated biases related to interscorer vari
ability in manual scoring [8]. 

The GEE model showed that internight AHI variability was signifi
cantly associated with variations in the ratio of light versus deep NREM 
sleep and in the proportion of TST spent with the head in supine posi
tion. Previous studies have also reported that OSA severity with the 
trunk in supine position could be significantly mitigated by rotating the 
head from a supine to lateral position [33–37]. A critical influence of 
head position on AHI, independently of trunk position and sleep stage, 
was also reported in a recent study by Zhu et al. [37]. Our findings 
quantitatively confirm the relationship between the supine head posi
tion during sleep and natural internight AHI variability. 

Diagnostic and therapeutic decision-making could be inaccurate 
when based on a single night of sleep testing, even when sleep testing is 
performed at home with an unobtrusive technology (as used in this 
study). These findings highlight the importance of repeating simplified 
and automated home sleep testing to better support clinical diagnosis 
and personalized management of OSA. 

In this study we also separated the potential effects of factors related 
to sleep duration/quantity (including SOL, WASO, and TST) on inter
night AHI variability. Given that those effects were small, the use of 
mandibular jaw movement-based technology and automated scoring 
could be beneficial for reducing AHI variation due to bias related to the 
time of measurement. The mandibular jaw movement-based technology 
has been shown to outperform actigraphy-based signals for the sleep/ 
wake classification task and provides therefore better accuracy in TST, 
WASO and SOL calculation [22], a frequent pitfall for other type 3 or 4 
recording devices in multi-night variability measurements. 

The conventional OSA severity grading system (ICSD-3) [25] was 
used to classify OSA severity after each night of sleep testing (non-OSA, 
mild OSA, moderate OSA or severe OSA). This study showed that there is 
a high risk of diagnosis misclassification based on the results of a single 
night of assessment because for instance the probability of being diag
nosed as having non-OSA on one night and mild OSA on a later night was 
40–70% (Fig. 4). 

It is widely recognized that although AHI has been extensively used 
to gauge the severity of sleep apnea, taking solely AHI into consideration 
to predict the clinical consequences of obstructive sleep apnea (OSA) or 
to make treatment decisions comes, however, with significant limita
tions [38,39]. Nevertheless, estimates of OSA prevalence are based on a 
variety of different AHI thresholds, including those as low as 5 events/h. 

Fig. 4. Night-to-night transition patterns of the apnea-hypopnea index (AHI) across different levels of obstructive sleep apnea (OSA) severity. Each of the three 
networks describes the probabilities of every possible transition of OSA severity category from night 1 to night 2 (left), night 2 to night 3 (middle), and night 1 to 
night 3 (right). Four OSA severity categories were used: non-OSA with AHI <5 events/hour (green); mild OSA with AHI 5 to <15 events/hour (orange); moderate 
OSA with AHI 15 to <30 events/hour (red); and severe OSA with AHI ≥30 events/hour (purple). Probabilities were estimated from a 4 × 4 transition matrix under 
assumption of multinomial distribution. The arrows indicate different patterns of transition: moving to a higher (red), lower (blue) or unchanged (black) OSA 
category. Grey arrows indicate a transition of null probability. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.) 

Table 2 
Impact of adding a second night of assessment on the accuracy of obstructive 
sleep apnea (OSA) severity grading.  

Metrics Detecting AHI ≥5 
events/h 

Detecting AHI ≥15 
events/h 

Detecting AHI ≥30 
events/h 

One 
night 

Two 
nights 

One 
night 

Two 
nights 

One 
night 

Two 
nights 

BAC 0.85 0.86 0.86 0.93 0.89 0.89 
F1 score 0.97 0.98 0.82 0.92 0.64 0.80 
Sensitivity 0.95 0.99 0.81 0.88 0.82 0.89 
Specificity 0.75 0.75* 0.93 0.97 0.97 0.98 
FPR 0.25 0.29 0.07 0.03 0.03 0.03 
FNR 0.05 0.01 0.19 0.12 0.18 0.11 
LR+ 3.79 3.80 11.06 31.36 22.37 51.33 
LR- 0.06 0.02 0.21 0.12 0.19 0.12 
PPV 0.99 0.99* 0.86 0.95 0.54 0.73 
NPV 0.43 0.67 0.90 0.94 0.99 0.99 

Diagnostic performance metrics were estimated by comparing the apnea- 
hypopnea index (AHI) on any night (1, 2 or 3) and the average AHI from 
sleep tests on two different nights (1 and 2, 1 and 3, or 2 and 3) against the 
expected “true outcome” (i.e., mean AHI from the 3 nights). Statistically sig
nificant differences in the median AHI between single-night and double-night 
evaluations were determined using permutation testing (* indicates not statis
tically significant at a p-value threshold of 0.005). 
AHI, apnea-hypopnea index; BAC, balanced accuracy; F1 score, harmonic mean 
of sensitivity and positive predictive value; FNR, false negative rate; FPR, false 
positive rate; LR-, negative likelihood ratio; LR+, positive likelihood ratio; NPV, 
negative predictive value; PPV, positive predictive value. 
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Current clinical guidelines (ICSD-3) indicate that an AHI of ≥15 
events/h even in the absence of symptoms is sufficient for the diagnosis 
of OSA and initiation of therapy [25,30]. Community-based cohort 
studies also indicate that this AHI cut-off value is associated with 
adverse cardiometabolic outcomes [40]. Thus, like other authors, the 
analyses of this study primarily focused on an AHI cutoff value of ≥15 
events/h. If the decision to initiate OSA treatment was solely based on an 
AHI exceeding 15 events per hour regardless of symptoms, 
night-to-night transitional probabilities showed that, based on a 
single-night test, around 15% would have been undertreated (i.e., pa
tients diagnosed with no or mild OSA but suffering from moderate to 
severe OSA) and 50% overtreated (i.e., patients diagnosed with mod
erate to severe OSA but suffering from no or mild OSA) (Fig. 4). Similar 
changes in the OSA severity category from one night to another have 
also been reported in previous studies [5,9]. The greatest risk for 
misclassification in this study was observed in individuals with mild to 
moderate OSA, which is consistent with recent data published by Lechat 
et al. [8]. 

Based on these findings, AHI values obtained from a single-night test 
may result in uncertainty and misdiagnosis of OSA, and a closer 
approximation of an individual’s true OSA status is likely to be obtained 
by averaging AHI values from recordings taken on three different nights. 
Having an accurate indication of OSA severity is key as it allows 
appropriate treatment decisions to be made, such as whether or not to 
treat a patient, and which treatment is most appropriate (e.g., positive 
airway pressure therapy or an oral appliance) [9]. Interestingly, the 
within-subject variability in SDB studies is higher than that in other 
fields of medicine such as lung function testing, where respiratory 
measurements are repeated over time and are therefore less prone to 
inaccuracies related to technical or natural variability. 

The key strengths of this study are its novelty, the use of a validated 
non-invasive HSAT based on automated analysis of mandibular jaw 
movements, and multiple recordings over a short period of time. These 
findings reinforce the recent literature reporting about multi-night 
variability in SDB recordings. Future studies performed by other 
researcher teams in the field should reproduce these findings. 

5. Conclusion 

In conclusion, three nights of sleep evaluation with a non-invasive 
tool using automated analysis of mandibular jaw movement bio- 
signals provide useful information about the natural short-term vari
ability in AHI and highlight the risk of inaccurate determination of OSA 
severity based on a single-night recording. This data reinforces the value 
of multi-night sleep recordings to reduce potential OSA misdiagnosis 
and severity misclassification. Furthermore, the AHI variability over 
three nights that has the potential to alter therapeutic decision-making 
at an AHI threshold of 15 events/h is associated with the proportion 
of sleep time spent in deep non-REM sleep and with the head in supine 
position. 
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