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Dear Editor:

Van Pee et al. [1] and the accompanying editorial [2] reported on a
very promising methodological approach called near-boundary
double-labeling (NBL) method classification for the evaluation
of new sleep apnea diagnostic tools. Beyond the usual statis-
tical methods (Bland-Altman, intraclass correlation coefficient,
etc.), this complementary analysis led, at least in their per-
ipheral arterial tonometry home sleep apnea test (HSAT) data
set (derived from NightOwl technology), to a better agreement
with polysomnography (PSG) scored by two independent inves-
tigators. This innovative approach allows to assign individuals
with apnea hypopnea index (AHI) in predefined near-boundary
zones to two different categories of AHI grades of severity. For
example, one individual with an AHI close to the threshold of 15
events/hour was labeled with both mild and moderate grades of
severity. This approach avoided reporting overly pessimistic re-
sults between two diagnostic methods for small AHI differences
that are not clinically relevant. We have recently reported that
the agreement between a mandibular movement (MM) HSAT
and in-home PSG was similar to the agreement for the scoring of
PSG between two expert centers (London and Grenoble) [3]. This

finding demonstrated that unconscious biases associated with
manual scoring are equivalent to some differences that can be
found between simplified diagnostic techniques and ostensibly
gold-standard PSG.

In this context, in a clinical study aiming to validate a ma-
chine learning-based algorithm for mandibular movement sig-
nals (Sunrise, Namur, Belgium), we applied the innovative NBL
approach. We postulated that the risk of AHI-based severity mis-
classification due to inter-human PSG rating could be reduced

Table 1. Definition and proportions of seven categories obtained by
NBL classification rule.

Class Interval n %

Non-OSA 0-1.59 3 1.0
Non-OSA or mild 1.59-7.38 44 15.2
Mild 7.38-10.63 32 11.1
Mild or moderate 10.63-18.47 84 29.1
Moderate 18.47-25.96 55 19.0
Moderate or severe 25.96-36.10 36 12.5
Severe >36.10 35 12.1
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Figure 1. Distribution of PSG-AHI scores within four conventional severity levels and NBL-based categories.

when considering borderline zones around the traditional fixed
AHI thresholds. A sample including 289 consecutive participants
presenting with obstructive sleep apnea (OSA) suspicion was
evaluated with an in-laboratory PSG coupled with simultaneous
MM recordings using Sunrise device. The PSG data were then
manually scored by two experienced and blinded investigators.
The double-scored AHI data sets were used to establish the
intervals for NBL method classification rule, by using the same
procedure described in the original Van Pee article [1].

The collected MM data were automatically analyzed by a ma-
chine learning algorithm developed by Sunrise, which has the
capability to classify sleep/wake states, obstructive and central re-
spiratory events, thus allowing for estimation of AHI values [4, 5].

Based on the conventional rules for severity grading, the par-
ticipants could be categorized into non-OSA (n = 14; 4.8%), mild
(n=109; 37.7%), moderate (n = 113; 39.1%), and severe OSA (n =53;
18.4%). Corresponding proportions of the seven categories in the
NBL classification are presented in Table 1.

As shown in Figure 1, applying the NBL method resulted in a
significant improvement of agreement between the PSG readings
and Sunrise automatic scoring. The four-way Cohen’s Kappa co-
efficient was improved from 0.80 to 0.86. The NBL rule had also a
positive impact on the accuracy in OSA severity grading. The F1
score, indicating the harmonic mean of precision and sensitivity
was improved from 0.93 to 0.96 for detecting moderate OSA, and
from 0.87 to 0.88 for severe OSA. As Sunrise algorithmic scoring
represents a constant approximation of the true clinical status
without any human factor-induced variability, we can assume
that the uncertainty in PSG scoring has been improved when as-
sessing performances by the NBL method. Therefore, the applica-
tion of the NBL approach could help to make better diagnostic and
therapeutic decisions in patients who present PSG results within
near-boundary intervals. We also suggest that applying NBL pro-
cedure in clinical research would allow for a better standardiza-
tion, transparency, and reproducibility in PSG data analysis.
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