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Abstract
We	used	sleep	monitoring	data	from	a	study	that	investigated	the	prevalence,	char-
acteristics,	risk	factors	and	type	of	sleep	apnea	(SA)	in	579	patients	with	paroxysmal	
atrial	fibrillation.	Most	patients	were	screened	for	two	nights,	resulting	in	1,043	sleep	
recordings	 that	 each	 contained	 data	 from	one	 night.	 SA	was	 diagnosed	 using	 the	
Nox	T3	portable	sleep	monitor.	An	experienced	sleep	specialist	scored	the	recordings	
manually	using	Noxturnal	software.	A	total	of	157	women	(27%)	and	422	men	(73%)	
were	examined;	477	 (82.7%)	had	an	apnea–hypopnea	 index	 (AHI)	≥	5/hr,	whereas	
moderate	to	severe	SA	(AHI	≥	15/hr)	was	diagnosed	in	243	patients	(42.1%).	The	AHI	
derived	from	automatic	and	manual	scoring	showed	a	good	agreement	(Pearson's	r 
coefficient	of	0.96).	The	median	difference	 in	AHI	was	very	small	 (i.e.,	0.72	 [mean	
difference,	 1.06]),	 but	 was	 statistically	 significant	 (p	 <	 .0001).	 Automatic	 scoring	
classified	sleep	recordings	with	more	than	90%	accuracy	into	SA	categories	of	mild	
(AHI	≥	5/hr),	moderate	(AHI	≥	15/hr)	and	severe	(AHI	≥	30/hr).	We	found	a	minor	
(11%–21%)	mis-estimation	of	 the	number	of	 recordings	right	above	and	below	the	
boundary	separating	mild	and	moderate	SA.	The	accuracy	of	automatic	scoring	dif-
fered	from	recording	to	recording,	especially	regarding	the	sensitivity	of	detecting	
disrupted breathing events. We found low to moderate agreement for the duration of 
disrupted	breathing	events	(r	=	.53),	for	which	the	automatic	scoring	led	to	a	statisti-
cally	significant	overestimation	by	5.22	s	(p	<	.0001).
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1  | INTRODUC TION

For	several	years,	the	gold	standard	for	sleep	apnea	(SA)	diagnosis	
(i.e.,	polysomnography	[PSG])	has	been	supplemented	with	Type	III	
portable	sleep	monitors	(PSMs)	for	unattended	sleep	monitoring	at	
home.	These	PSMs	are	typically	accompanied	by	software	to	auto-
matically analyse the collected sleep data. The clinical guidelines 
for	 SA	 diagnosis	 based	 on	 unattended	 home	monitoring	 recom-
mend that sleep monitoring data are evaluated by a certified sleep 
expert	 (Collop	et	al.,	2007).	To	potentially	avoid	time-consuming	
manual	analysis,	researchers	have	posed	the	question	of	whether	
automatic analysis performs well enough for appropriate patient 
treatment.	A	 summary	of	 existing	 studies	 and	 their	main	 results	
are provided in Table 1. Some studies have shown good agreement 
between	 manual	 and	 automatic	 analysis	 (e.g.,	 Magalang	 et	 al.,	
2019;	 Xu	 et	 al.,	 2017),	 whereas	 others	 have	 shown	much	 lower	
agreement	 (e.g.,	 Cachada,	 Thomas,	 &	 Wharton,	 2017;	 Labarca	
et	al.,	2018).	Furthermore,	only	two	out	of	nine	studies	compared	
different	PSMs	and	analysis	software	solutions.	However,	results	
from one software solution are usually not directly applicable to 
other	solutions	(Aurora,	Swartz,	&	Punjabi,	2015;	Magalang	et	al.,	
2019).

Noxturnal	 software	 has	 received	 the	 most	 attention	 with	 four	
studies,	one	of	which	concluded	that	Noxturnal	automatic	scoring	is	
not	suitable	for	paediatric	examinations	(Ørntoft,	Andersen,	&	Homøe,	
2019).	Several	 studies	 (Bridevaux,	Fitting,	Fellrath,	&	Aubert,	2007;	
Cachada	et	al.,	2017;	Magalang	et	al.,	2019;	Rigau	et	al.,	2013)	were	
based	 on	 rather	 small	 populations,	 such	 as	 15	 or	 fewer	 subjects.	
Furthermore,	it	is	unclear	whether	the	lights-out	and	lights-on	period	
should be manually adjusted or whether it is possible to only rely on 
automatic	calculation	of	the	sleep	period.	Only	one	study	(Magalang	
et	al.,	2019)	stated	that	lights-out	and	lights-on	times	were	provided.	
This	work	is	the	first	one	(to	the	best	of	our	knowledge)	that	provides	
results for automatic and manual scoring of home sleep apnea testing 
(HSAT)	both	with	and	without	using	 lights-out	and	 lights-on	adjust-
ments.	Another	gap	in	the	current	knowledge	is	due	to	the	fact	that	
nearly	all	of	these	studies	were	based	on	subjects	with	SA	prevalence,	
resulting	in	populations	where	the	majority	of	patients	had	an	apnea–
hypopnea	 index	 (AHI)	 ≥	15.	However,	 imprecise	 automatic	 analysis	
potentially has a more severe impact on the treatment of subjects 
with	an	AHI	<	15.	Consider	for	example	an	inaccurate	automatic	anal-
ysis	of	±5	AHI	for	a	patient	with	an	AHI	of	5	versus	an	AHI	of	25.	This	
would point to a clear deficiency in results that are based on large and 
unbiased populations.

To	overcome	this	deficiency,	we	analysed	data	from	the	A3	study	
(Traaen	et	al.,	2019),	in	which	the	PSM	Nox	T31	(Nox	Medical,	2019)	
was	used	in	579	patients	with	paroxysmal	atrial	fibrillation	(PAF)	and	
without	known	SA	prevalence.

A	total	of	335	patients	completed	two	overnight	sleep	recordings	
(nearly	all	existing	studies	have	data	from	only	one	night),	of	whom	

336	had	an	AHI	<	15.	We	performed	an	in-depth	comparison	of	au-
tomatic	versus	manual	analysis	to	quantify	the	discrepancy	between	
them.	 The	 analysis	was	 based	 on	 reports	 generated	 by	Noxturnal	
software	and	raw	data	exported	from	Noxturnal	to	enable	compari-
sons	beyond	the	existing	work.

2  | Methods

2.1 | Study design and participants

We used sleep monitoring data from a study that investigated the 
prevalence,	characteristics,	risk	factors	and	type	of	SA	in	579	pa-
tients	with	 PAF.	 These	 patients	with	 PAF	were	 screened	 for	 SA	
regardless	of	whether	they	had	symptoms	of	SA	or	not.	Most	pa-
tients	were	screened	for	 two	nights,	 resulting	 in	1,043	sleep	re-
cordings	that	each	contained	data	from	one	night.	All	recordings	
from	the	same	patient	were	obtained	on	separate	occasions	(i.e.,	
two	 separate	 nights)	 and	 are	 thus	 considered	 valid	 as	 individual	
samples.	However,	because	a	bias	cannot	fully	be	ruled	out	we	ad-
ditionally	analysed	(a)	only	one	of	the	recordings	per	patient	(i.e.,	
the	 earliest)	 and	 (b)	 the	mean	 of	 all	 recordings	 per	 patient,	 and	
found	 similar	 results	 (see	 results	 in	 the	 Supporting	 Information,	
Section	2.3).

Sleep apnea was diagnosed by respiratory polygraphy using a 
PSM	(T3;	Nox	Medical,	Reykjavik,	 Iceland)	on	two	nights	at	home.	
The	recorded	signals	included	nasal	pressure	transducer,	respiratory	
inductance	plethysmography,	body	position,	oxygen	saturation	and	
pulse	rate.	All	sleep	studies	were	analysed	as	recommended	by	the	
American	Academy	of	Sleep	Medicine	(Berry	et	al.,	2012).	The	same	
experienced	 sleep	 specialist	 scored	 the	 recordings	manually	 using	
Noxturnal	software	(version	5.1.0;	Nox	Medical)	and	was	unaware	of	
patient identification information and of the comparison presented 
in	this	paper.	Apneas	were	defined	as	≥90%	drop	in	airflow,	lasting	
10	s	or	longer.	Hypopneas	were	defined	using	≥30%	drop	of	airflow	
lasting	at	10	s	followed	by	a	≥3%	oxygen	saturation	drop.	Both	ap-
neas and hypopneas were classified into central or obstructive re-
spiratory events.

In	total,	157	women	(27%)	and	422	men	(73%)	were	examined,	
with	a	mean	age	of	59.9	(9.6)	years	and	mean	body	mass	index	(BMI)	
of	28.5	(4.5)	kg/m2.	Of	this	group,	479	(82.7%)	had	an	AHI	≥	5/hr,	
whereas	moderate	to	severe	SA	(AHI	≥	15/hr)	was	diagnosed	in	244	
patients	 (42.1%).	The	median	AHI	was	12.1	 (6.7–20.6)	 (range,	0.4–
85.8).	 The	 type	of	 SA	was	 predominantly	 obstructive;	 51%	of	 the	
respiratory	events	were	hypopneas,	followed	by	obstructive	apneas	
(39.2%),	central	apneas	(5.2%)	and	mixed	apneas	(4.6%);	88%	of	all	
hypopneas	were	obstructive.	The	median	central	AHI	(cAHI)	was	1	
(0.4–2.2)	(range,	0–33.2).	None	of	the	central	apneas	were	charac-
terized	as	having	Cheyne-Stokes	respiration.

The prevalence of central sleep apnea in this population with 
PAF	 is	 1.9%.	 This	 is	 close	 to	 that	 in	 the	 general	 population	 (e.g.,	
0.5%	 in	 (Bixler,	 Vgontzas,	 Ten	 Have,	 Tyson,	 &	 Kales,	 1998)	 and	
0.9%	in	(Donovan	&	Kapur,	2016)),	and	clearly	below	the	expected	

 1Xu	et	al.	(Xu	et	al.	2017)	compared	the	Nox	T3	with	in-laboratory	PSG	and	identified	a	
close	agreement	of	the	results	from	Nox	T3	and	PSG.
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prevalence	in	patients	with	heart	failure	(Lévy	et	al.,	2007).	The	dom-
inant type of sleep apnea in our study and in the general population 
is	obstructive,	but	it	is	higher	in	our	study.	The	latter	is	a	strength	of	
our study because it gives a good foundation for the results concern-
ing the most important type of apnea.

The	quality	of	the	home	sleep	apnea	testing	(HSAT)	was	assessed	
by	automated	analysis	of	signal	quality	for	oxygen	saturation,	airflow	
and	respiratory	inductance	plethysmography	(RIP)	from	thoracic	and	
abdominal	belt	movement.	In	order	to	manually	score	the	HSAT,	two	
out	of	three	signals	had	to	be	of	sufficient	quality.	An	experienced	
sleep	specialist	assessed	the	quality	based	on	experience	and	best	
practices	(i.e.,	no	formal	quality	threshold	was	defined).	When	nasal	
pressure	signal	was	absent	or	not	of	sufficient	quality	to	be	scored,	
the	 flow	signal	derived	 from	 the	RIP	 signals	was	used	 for	 scoring.	
If	more	 than	one	signal	had	 insufficient	quality,	 the	 recording	was	
repeated.

Ethical	 approval	 was	 obtained	 from	 the	 South-East	 Regional	
Ethics	 Committee	 (REK,	 ID:	 2015/436)	 and	 the	 data	 inspector	 of	
Oslo	 University	 Hospital	 (personvernombud;	 Oslo,	 Norway).	 The	
trial	was	conducted	according	 to	 the	1975	Declaration	of	Helsinki	
and	Good	Clinical	Practice	guidelines.	All	patients	provided	written	
informed consent to participate in the study. The trial has been reg-
istered	on	ClinicalTrials.gov	(NCT02727192;	www.clini	caltr	ials.gov).

2.2 | Metrics

The	lights-out	periods	of	the	automatically	scored	recordings	were	
made identical to those in the manual scorings. To compute the 

main	metric	used	in	the	study	(i.e.,	AHI),	we	first	disregarded	the	
recording periods during which the subject was assumed to be 
awake.	We	consulted	Nox	Medical	Reykjavik	directly	to	ensure	that	
our	procedure	was	identical	to	that	used	by	Noxturnal	to	compute	
the	AHI,	which	was	 based	 on	 preliminary	 removal	 of	 all	 periods	
outside	the	analysis	(lights-out)	periods,	in	addition	to	those	during	
analysis periods in which the subject was sensed to be in an upright 
position.	Whereas	 the	 latter	was	 done	 automatically,	 identifying	
periods	 outside	 the	 lights-out	 periods	 (called	 lights-on)	 required	
human	input.	Therefore,	we	also	computed	the	AHI	without	prior	
exclusion	of	lights-on	periods,	to	properly	study	the	performance	
of automatic scoring in the complete absence of human interven-
tion.	The	AHI	is	computed	by	dividing	the	total	number	of	apneas	
and	hypopneas	(collectively	called	disrupted	breathing	events)	by	
the number of hours the person is sleeping. We measured the ac-
curacy	 of	 automatic	 scoring	 by	 comparing	 the	AHI	 derived	 from	
automatic	scoring	(AHIautomatic)	with	the	AHI	derived	from	manual	
scoring	(AHImanual)	of	the	same	recording.	We	created	scatter	plots	
and	 Bland-Altman	 (BA)	 plots	 to	 compare	 these	 AHI	 values	 on	 a	
per-recording	basis,	and	histograms	to	study	the	differences	in	AHI	
distributions.

We performed additional comparisons between manual and au-
tomatic	 scoring	 for	more	 specific	event	 types	 (i.e.,	 apneas,	 central	
apneas,	obstructive	apneas	and	hypopneas).	The	average	number	of	
events	per	hour	was	calculated	as	the	apnea	index	(AI),	central	apnea	
index	(CAI),	obstructive	apnea	index	(OAI)	and	hypopnea	index	(HI).

We	 studied	 how	 accurately	 Noxturnal	 classified	 the	 SA	 se-
verity	level	of	subjects	according	to	three	thresholds:	AHI	≥	5/hr	
(mild	SA),	AHI	≥	15/hr	(moderate	SA)	and	AHI	≥	30/hr	(severe	SA).	

TA B L E  1  Overview	of	related	work

References Equipment Subjects Results

Ørntoft	et	al.	(2019) Nox	T3,	Noxturnal 51 children and adults Median	manual	AHI	2.7	(range,	0.2–28.2)
Median	automatic	AHI	11.9	(range,	4.2–45.6),
84.3%	misclassification	of	OSA	severity,

Cachada	et	al.	(2017) Nox	T3,	Noxturnal Ten	severe	SA	cases r	=	.91
BA	MD:	4.5,	LoA:	−15.5	and	25

Masa	et	al.	(2013) Breas	SC20 348	adults	suspected	of	having	SA BA	MD:	7,	LoA:	−16	and	26

Magalang	(2018) Embletta	Gold,	
Remlogic,	Noxturnal

15	randomly	chosen	from	existing	
study

BA	MD:	−1,	LoA:	−7	and	4

Aurora	et	al.	(2015) ApneaLink	Plus,	
Embletta

100	adults	without	SA	diagnosis	
and 100 adults with cardiovascular 
disease	or	known	risk

ApneaLink	r	=	.968,	Embletta	r	=	.639
ApneaLink	BA	MD:	6,	LoA	−6	and	12
Embletta	BA	MD:	6,	LoA	−15	and	26

Rigau	et	al.	(2013 Sleep&Go	SIBEL,	
BitmedLab	SIBEL

30 recordings from 10 patients with 
suspicion	of	SA

80%	agreement	for	classification	of	severity	level,	
r	=	.982

Labarca	et	al.	(2018) Embletta	MPR 198	adults	with	clinical	suspicion	
of	SA

r	=	.952,	� = 0.58
BA	MD:	−8,	LoA:	−22	and	5,8

Bridevaux	et	al.	(2007) Embletta	pds 11	subjects	with	suspected	SA Mean	of	8	observers,
BA	MD:	5.1,	LoA:	−1	and	11

Xu	et	al.	(2017) Nox	T3,	Noxturnal 80 Chinese adults BA	MD	(auto	–	manual):	0.58,	LoA:	−6.88	and	8.03

Note: Results	are	given	(if	available)	as	r,	kappa	and	Bland	Altmann	(BA)	mean	difference	(MD)	and	limits	of	agreement	(LoA).	AHI,	apnea–hypopnea	
index.	Some	publications	only	included	the	BA	graph	and	not	the	values	for	MD	and	LoA.	In	such	cases,	we	visually	estimated	these	values	to	enable	
a comparison of the results.

http://www.clinicaltrials.gov
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Classifications	were	rated	as	either	true	positive	(TP),	true	nega-
tive	(TN),	false	positive	(FP)	or	false	negative	(FN).	We	calculated	
the	accuracy	(TP	+	TN/TP	+	FP+TN	+	FN),	sensitivity	(TP/TP	+	FN),	
specificity	(TN/TN	+	FP)	and	positive	predictive	value	(PPV)	(TP/
TP	+	FP).

In	addition	to	calculating	these	metrics	for	the	entire	dataset,	
we	also	measured	the	accuracy,	sensitivity,	specificity	and	PPV	for	
each individual recording and the average duration of disrupted 
breathing	events.	Because	these	metrics	could	not	be	extracted	
from	Noxturnal	reports,	we	needed	to	export	the	data	and	scor-
ings	with	a	per	second	resolution.	Accuracy,	sensitivity,	specificity	
and	PPV	were	measured	by	comparing	each	second	of	automatic	
scoring	 with	 the	 corresponding	 seconds	 of	 manual	 scoring.	 For	
some	 of	 our	 results,	 we	 performed	 preliminary	 filtering	 where	
we removed all seconds containing artifacts before calculating 
the	metric	values.	The	per-recording	metric	values	were	plotted	
against	 the	AHI	 from	manual	 scoring,	 and	 the	distribution	of	 all	
metrics was plotted in histograms for both filtered and unfiltered 
data. We measured the mean duration of disrupted breathing 
events	in	each	recording	(

−

DBLength).	We	also	compared	the	values	
for each recording from manual and automatic scoring in scatter 
and	BA	plots,	and	compared	their	distributions	using	histograms.

2.3 | Statistical analysis

Data	are	presented	as	the	mean,	median	and	standard	deviation	
(SD)	 of	 the	 AHI,	 including	 all	 performance	 metrics	 and	 apnea	
durations.	 We	 used	 the	 two-tailed,	 paired	 t	 test	 (pt)	 and	 the	
Wilcoxon	signed-rank	test	(pw)	as	parametric	and	non-parametric	
tests,	 respectively,	 to	 assess	 the	 agreement	between	automatic	
and	 manual	 scoring	 for	 the	 AHI	 and	 apnea	 durations.	 p values 
below	 .05	 were	 considered	 statistically	 significant.	 In	 addition,	
we	calculated	Pearson's	correlation	coefficient	(r)	and	plotted	the	
best-fit	regression	lines	in	the	scatter	plots.	The	hypothesis	tests	
and correlation coefficient were computed using freely available 
software	 (i.e.,	 SciPy	 (version	1.2.0)	 and	Pandas	 (0.23.4),	Python	
libraries,	respectively).

3  | RESULTS

3.1 | Final dataset

The	 final	 dataset	 contained	 1,043	 recordings.	 We	 removed	 101	
recordings for various reasons: 18 recordings were discarded as 
duplicates	with	potentially	 incorrect	AHIs,	 eight	were	 lost	due	 to	
technical	issues	that	prevented	the	proper	exportation	and	prepa-
ration	of	data,	34	were	discarded	because	 they	mostly	contained	
corrupt	signal	data,	25	were	discarded	because	they	did	not	contain	
any	disrupted	breathing	event,	making	computation	of	some	of	our	
metrics	 impossible,	 and	43	 recordings	were	 removed	as	 they	had	
a	duration	of	<4	hr.	A	similar	threshold	was	used	in	related	works	
(Bridevaux	et	al.,	2007;Labarca	et	al.,	2018).	There	was	some	over-
lap	among	these	groups	of	recordings.	Each	recorded	second	was	
automatically	marked	 by	Noxturnal	 to	 indicate	whether	 or	 not	 it	
contained	 an	 artifact,	 which	 was	 subject	 to	 subsequent	 manual	
modifications. The mean and SD of the fraction of artifacts were 
7.12%	and	15.22%,	respectively,	and	89.36%	of	the	recordings	had	
<20%	artifacts.

3.2 | AHI

The	median	AHI	from	manual	and	automatic	scoring	was	12.06/hr	
(mean,	 15.23/hr;	SD,	 12.44/hr)	 and	12.78/hr	 (mean,	 16.29/hr;	SD,	
12.94/hr),	respectively.	We	observed	a	statistically	significant	differ-
ence	between	AHI	from	manual	and	automatic	scoring	(pt < 0.0001 
and pw	<	0.0001).	As	seen	 in	 the	scatter	plot	 in	Figure	1a,	we	ob-
served	 a	 high	 correlation	 between	manual	 and	 automatic	 scoring,	
with r	=	.96.	The	limits	of	agreement	(LoA)	in	the	BA	plot	in	Figure	1b	
was	0	±	7.06.	Twenty-one	recordings	were	above	and	21	were	below	
the	upper	and	 lower	LoA.	The	distribution	of	the	AHI	 in	Figure	1c	
from	manual	and	automatic	scoring	agreed	well	for	all	AHI	intervals	
of	5/hr	with	two	exceptions:	automatic	scoring	placed	a	surplus	of	
16	recordings	in	the	AHI	interval	of	10–15/hr,	and	34	too	few	in	the	
interval	 of	 15–20/hr.	Note	 from	Figure	1c	 that	 the	distribution	of	
AHI	was	skewed	towards	low	AHI	values.	As	a	result,	the	number	of	

F I G U R E  1   (a)	Scatter	plot	comparing	the	apnea–hypopnea	index	(AHI)	derived	from	manual	(x-axis)	and	automatic	(y-axis)	scoring.	(b)	
Bland-Altman	plot	comparing	the	AHI	derived	from	manual	and	automatic	scoring.	(c)	Distribution	of	the	AHI	derived	from	manual	and	
automatic	scoring	intervals	of	size	5

(a) (b) (c)
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recordings	above	any	given	AHI	threshold	rapidly	decreased	as	we	
increased	the	threshold.	As	seen	in	Table	2,	automatic	scoring	dis-
tinguished	recordings	with	an	AHI	of	below	and	above	5,	15	and	30/
hr	with	an	accuracy	of	0.9271,	0.9291	and	0.9588,	respectively.	The	
lowest	PPV,	by	a	large	margin,	was	observed	with	an	AHI	threshold	
of	30/hr.	The	sensitivity	decreased	with	 increasing	AHI	 threshold,	
and	 the	 opposite	was	 the	 case	with	 specificity.	Manual	 and	 auto-
matic scoring placed almost the same number of recordings above 
and	below	the	AHI	threshold	of	15/hr,	with	the	amount	differing	by	
only	 six	 recordings.	 For	AHI	 thresholds	of	5	 and	30/hr,	 automatic	
scoring	placed	33	and	21	 recordings	 above	 the	 threshold,	 respec-
tively,	 explaining	 the	 relatively	 low	 specificity	 and	 PPV	 values	 for	
these	 thresholds.	This	suggests	 that	 the	AHI	distribution	 from	au-
tomatic	scoring	slightly	shifted	towards	higher	AHI	with	respect	to	
the	distribution	from	manual	scoring,	which	was	confirmed	by	visual	
inspection	(Figure	1c).

We identified 25 recordings that have a difference of ±10 
AHI.	 In	 order	 to	 understand	whether	 there	 is	 a	 certain	 pattern	
in	 these	 recordings,	 one	 way	 might	 be	 to	 automatically	 score	
the unscored versions and to identify what should be corrected. 
We	found	that	the	oximeter	quality	for	these	25	recordings	was	
lower	 than	 for	 the	 entire	 dataset;	 that	 is,	 the	 mean	 (SD)	 SaO2 
for	the	outliers	was	75.2	(36.7)	versus	90.1	(16.2)	for	all	record-
ings.	 In	 some	 cases,	 the	 automatically	 assessed	 airflow	 quality	
was	 overestimated,	 resulting	 in	 an	 overestimation	 of	 the	 num-
ber	 of	 respiratory	 events.	Movements	 during	 the	 night	 caused	
an	overestimation	of	the	number	of	respiratory	events,	whereas	
wakefulness	during	 the	night	caused	an	underestimation	of	 the	
number of respiratory events.

For	the	other	indexes,	we	found	a	good	agreement	between	man-
ual	and	automatic	scoring	for	all	indexes,	and	that	the	Noxturnal	gen-
erally scored apneas more accurately than hypopneas. We obtained r 
values	of	0.94	(AI),	0.93	(CAI),	0.91	(OAI)	and	0.91	(HI)	(see	Supporting	
Information,	Sections	2.1	and	2.2,	for	more	detailed	results).

3.3 | Impact of removing the lights-on periods

We	 studied	 AHI	 values	 with	 recordings	 without	 prior	 removal	 of	
lights-on	periods.	The	corresponding	classification	results	are	found	
in parentheses in Table 2. Compared to results with prior removal 

of	 lights-on	 periods,	 the	 agreement	 between	 manual	 and	 auto-
matic	scoring	remained	high,	with	an	r	value	of	0.94	and	accuracies	
of	greater	than	0.9	for	all	AHI	thresholds.	However,	we	saw	a	clear	
reduction	 in	sensitivity,	especially	 for	AHI	 thresholds	of	15/hr	 (re-
duced	 from	 0.92	 to	 0.84)	 and	 30/hr	 (reduced	 from	 0.91	 to	 0.78).	
Automatic	 scoring	 placed	 much	 fewer	 annotations	 for	 disrupted	
breathing	within	lights-on	periods	than	lights-out	periods.	Although	
lights-on	periods	constituted	12.85%	of	the	total	recorded	data,	only	
4.19%	 of	 the	 annotations	 for	 disrupted	 breathing	 from	 automatic	
scoring were within such periods. This led to a larger increase in the 
denominator	than	the	numerator	in	the	AHI	equation,	resulting	in	an	
overall	reduction	in	AHI	values	from	automatic	scoring.	This	in	turn	
caused	an	increase	in	false	negatives,	which	explained	the	decrease	
in	sensitivity.	Note	that	ideally,	automatic	scoring	should	not	contain	
any	disrupted	breathing	events	during	lights-on	periods.	Thus,	in	the	
absence	of	prior	removal	of	lights-on	periods,	decreased	sensitivity	
is a good sign indicating that the automatic scoring functions cor-
rectly for these periods.

3.4 | Per-recording performance

We	calculated	the	accuracy,	sensitivity	and	specificity	of	the	clas-
sification	of	individual	seconds,	where	each	second	was	classified	
as either containing or not containing disrupted breathing. We 
plotted	 the	 results	 in	 scatter	 plots	 in	 Figure	 2a–c	 for	 each	 indi-
vidual recording. The x-axes	 show	 the	AHI	 from	manual	 scoring	
for	 any	 given	 recording.	 Figure	 2d–f	 shows	 histograms	 for	 the	
same	 metrics,	 where	 we	 also	 present	 results	 with	 preliminary	
removal	 (filtering)	of	 seconds	with	artifacts.	We	 found	a	 slightly	
decreasing	 trend	 in	 accuracy	 (r	 =	 −.48)	 and	 specificity	 (r	 =	 −.52)	
with	increasing	AHI.	The	same	trend	was	not	present	for	sensitiv-
ity	 (r	 =	 .28).	 The	histograms	 in	Figure	2d–f	 show	 that	 the	distri-
bution for sensitivity stood out as relatively dispersed. Without 
filtering,	the	accuracy,	sensitivity	and	specificity	across	all	record-
ings	were	0.9495	±	0.0356,	0.8222	±	0.1556	and	0.9568	±	0.0362,	
respectively.	 With	 filtering,	 the	 corresponding	 numbers	 were	
0.9489	±	0.0375,	0.8504	±	0.1283	and	0.9535	±	0.0400.	We	found	
that	 removing	 artifacts	 only	 slightly	 improved	 performance,	 but	
the	improvement	was	significant	for	all	metrics	(i.e.,	both	pt and pw 
were	below	0.05).

TA B L E  2  Performance	of	automatic	classification	into	sleep	apnea	severity	groups	mild	(AHI	≥	5/hr),	moderate	(AHI	≥	15/hr)	and	severe	
(AHI	≥	30/hr)

Threshold (events/hr)

<Threshold ≥Threshold

Accuracy Sensitivity Specificity PPVMan. Auto. Man. Auto.

AHI	=	5 194 158 (179) 849 885 (864) 0.9271	(0.9223) 0.9764	(0.9611) 0.7113 (0.7526) 0.9367	(0.9444)

AHI	=	15 615 609	(649) 428 434 (394) 0.9291	(0.9041) 0.9206	(0.8435) 0.9350	(0.9463) 0.9078	(0.9162)

AHI	=	30 919 898	(921) 124 145 (122) 0.9588	(0.9501) 0.9113	(0.7823) 0.9652	(0.9728) 0.7793	(0.7951)

Note: Results	without	removal	of	lights-on	periods	are	presented	in	parenthesis	in	italic	font.	AHI,	apnea–hypopnea	index;	PPV,	positive	predictive	
value.
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Table 3 presents the per second classification metrics values 
for	the	dataset	as	a	whole.	We	also	include	the	PPV	value.	The	per-
formance	 improvement	 after	 filtering	mostly	 impacted	 sensitivity,	
which	 increased	 from	 0.8614	 to	 0.8884.	 PPT	 had	 the	 lowest	 val-
ues	(i.e.,	less	than	0.8	for	both	the	filtered	and	unfiltered	datasets).	
The	primary	cause	of	 the	 low	PPT	was	that	automatic	scoring	sig-
nificantly overestimated apnea durations by more than 5 s on aver-
age	(explained	below),	resulting	in	a	relatively	large	fraction	of	false	
positives.

3.5 | Duration of disrupted breathing events

The distribution of 
−

DBLength manual and 
−

DBLength automatic across all 
recordings	 is	 presented	 in	 Figure	 3c	 in	 blue	 and	 orange,	 respec-
tively. The mean values for 

−

DBLength manual and 
−

DBLength automatic 
were	 20.75	 (SD,	 4.11)	 and	 25.97	 (SD,	 4.65)	 seconds,	 respectively.	
Thus,	automatic	scoring	overestimated	the	durations	of	disrupted	
breathing	events	by	5.22	s	on	average,	and	this	overestimation	was	
statistically	 significant	 (pt < 0.0001 and pw	 <	 0.0001).	As	 seen	 in	

the	scatter	plot	 in	Figure	3a,	we	found	a	very	 low	correlation	be-
tween 

−

DBLength manual and 
−

DBLength automatic,	with	 r	 =	 .53.	 The	BA	
plot	in	Figure	3	shows	that	the	LoA	was	0	±	8.50	s.	A	total	of	five	
and	37	recordings	 lay	above	and	below	the	upper	and	 lower	LoA,	
respectively.

Apnea	durations	were	much	more	accurately	estimated	in	auto-
matic scorings than hypopnea durations. The mean apnea lengths in 
manual	and	automatic	scoring	were	19.85	(SD	5.09)	and	19.97	(SD,	
6.07)	seconds,	 respectively.	For	hypopneas,	 the	mean	 length	 from	
manual	and	automatic	scorings	was	21.09	(SD,	3.98)	and	28.57	(SD,	
5.27)	 seconds,	 respectively	 (see	 Supporting	 Information,	 Sections	
2.1	and	2.2,	for	more	detailed	results).

4  | DISCUSSION

Our results demonstrate that there was rather good agreement 
between	automatic	and	manual	scoring.	The	AHI	derived	from	au-
tomatic scoring was only 1.06/hr higher on average than that from 
manual	scoring,	and	they	strongly	correlated	with	an	r-value	of	.96.	
The	amount	of	data	used	for	the	study	(1,043	recordings;	two	nights	
of	 sleep	 recordings	 from	579	 patients)	 is	 substantially	 larger	 than	
that	in	any	other	related	study.	Furthermore,	the	entire	range	of	SA	
severity	was	covered.	Nearly	all	related	studies	are	based	on	popula-
tions	with	high	AHI	values,	and	as	such,	there	have	been	few	data	on	
the agreement of automatic and manual scoring of sleep recordings 
with	 an	AHI	<	15.	Thus,	 this	 is	 the	 first	 study	 to	provide	detailed	

F I G U R E  2   (a–c)	Scatter	plots	relating	the	apnea–hypopnea	index	(AHI)	(x-axes)	to	per-second	classification	performance	(y-axes)	
measured	as	accuracy	(a),	sensitivity	(b)	and	specificity	(c).	(d–f)	Distribution	of	classification	performance	(x-axes)	measured	as	accuracy	(a),	
sensitivity	(b)	and	specificity	(c)

(a) (b) (c)

(d) (e) (f)

TA B L E  3  Per	second	classification	performance	of	dataset	as	a	
whole

 Accuracy Sensitivity Specificity PPV

Unfiltered 0.9495 0.8614 0.9585 0.6818

Filtered 0.9502 0.8884 0.9567 0.6857
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insights	into	the	performance	of	automatic	scoring	for	an	AHI	range	
of 0 to 15/hr.

The largest overestimation and underestimation from auto-
matic	scoring,	in	terms	of	the	number	of	misclassified	recordings,	
were	 found	 for	patients	with	an	AHI	<	20/hr.	Automatic	 scoring	
underestimated	 the	 number	 of	 recordings	 in	 intervals	 of	 0–5/hr	
(by	22.8%)	and	15–20/hr	(by	21%),	and	overestimated	the	number	
of	 recordings	 in	 intervals	of	5–10/hr	 (by	5.3%)	and	10–15/hr	 (by	
11.8%).	 An	AHI	 threshold	 of	 15	 is	 often	 used	 to	 distinguish	 be-
tween	mild	and	moderate	SA.	Thus,	our	results	suggest	that	some	
precaution might be necessary when using automatic scoring for 
this purpose.

Our	 analysis	 furthermore	 showed	 a	 good	 agreement	 for	 AI,	
HI,	OAI	and	CAI,	with	r	>	0.9	for	all	indexes.	We	also	found	that	
the largest source of inaccuracies in automatic scoring is the scor-
ing	of	hypopneas,	both	in	terms	of	the	frequency	and	duration	of	
events.

To properly study the performance of automatic scoring in the 
complete	 absence	of	 human	 input,	 it	was	 necessary	 to	 compare	
results	with	and	without	prior	removal	of	lights-on	periods.	To	the	
best	of	our	knowledge,	no	existing	work	has	made	such	a	compar-
ison. We only found a moderate decrease in performance without 
prior	removal	of	lights-on	periods.	The	performance	decrease	was	
mainly	 in	 terms	 of	 reduced	 sensitivity	 for	 AHI	 thresholds	 of	 15	
and	 30/hr,	 because	 the	 automatically	 calculated	 AHI	 decreased	
with	the	added	lights-on	time.	These	results	show	that	automatic	
scoring	is	useful	even	without	lights-out	adjustments,	but	can	be	
improved by adding them. There are multiple possible solutions 
to	account	for	lights-on	periods	without	a	sleep	expert,	such	as	a	
protocol from the patient.

We	quantified	the	performance	of	automatic	scoring	per	individ-
ual recording in terms of classifying each individual second as either 
containing	or	not	containing	disrupted	breathing	(i.e.,	apnea	or	hypo-
pnea).	By	comparing	the	duration	of	disrupted	breathing	events	from	
manual	 scoring	 (

−

DBLength manual)	 and	 automatic	 scoring	 (
−

DBLength 

automatic)	 of	 the	 same	 recording,	 we	 found	 that	 automatic	 scoring	
significantly overestimated these durations by an average of 5.34 s. 
The	results	of	the	per-recording	AHI	comparisons	showed	that	the	

number of disrupted breathing events in the automatic and manual 
scoring	of	a	recording	was	very	similar,	but	each	disrupted	breathing	
event was on average longer in the automatic scoring. We are not 
aware	of	any	other	work	comparing	the	performance	of	automatic	
scoring	for	portable	monitors	on	a	per-recording	basis.

The results presented in previous studies with adult populations 
generally	 correspond	well	with	ours.	 In	Cachada	 et	 al.	 (2017),	 the	
AHI	derived	from	automatic	and	manual	scoring	agreed	with	r-value	
of	 0.91.	 Both	Cachada	 et	 al.	 (2017)	 and	Xu	 et	 al.	 (2017)	 reported	
significant	differences	between	the	AHIs,	but	 they	were	too	small	
to	have	any	clinical	importance.	In	Xu	et	al.	(2017),	the	authors	ob-
served	the	same	trend	in	sensitivity	and	specificity	as	in	our	work;	
that	 is,	 the	sensitivity	decreased	 from	95%	to	93%	and	specificity	
increased	from	69%	to	85%	when	the	AHI	thresholds	were	increased	
from	5	to	15.	Their	study	was	based	on	80	Chinese	adults	with	a	BMI	
of	27.5	±	5.4	and	an	AHI	of	33.5	±	23.2,	whereas	ours	was	based	on	
579	individuals	with	a	BMI	of	28.5	±	4.5	and	an	AHI	of	14.9	±	12.1.	
Thus,	our	results	provide	supporting	evidence	that	Noxturnal	is	able	
to	accurately	identify	SA	across	severity	groups.

Our study included an order of magnitude more patients than 
related	 works,	 and	 addressed	 a	 very	 different	 demography	 (i.e.,	
adults	with	PAF	without	pre-diagnosed	SA).	The	prevalence	of	SA	
in these patients corresponds well to that of the general population. 
To	the	best	of	our	knowledge,	our	work	was	the	first	to	study	the	
performance of automatic analysis in terms of variations between 
recordings	and	apnea	durations.	As	opposed	to	existing	works,	the	
manual	scoring	was	performed	by	an	expert	who	was	not	aware	that	
the	scoring	would	be	used	for	our	study,	because	this	study	was	de-
signed	after	all	recordings	were	scored	by	the	expert.	As	such,	the	
manual	scoring	used	for	this	study	represented	the	clinical	day-to-
day routines and was not impacted by the prospect of future com-
parisons	with	the	automatic	scoring.	Consequently,	 this	study	was	
based	on	the	scoring	of	one	single	expert,	which	may	be	regarded	
as	a	weakness	because	some	related	works	compared	scoring	from	
several	different	experts.	However,	Arnardottir	et	al.	 (2016)	found	
that	there	was	a	lack	of	uniform	standards	for	scoring	PG	recordings.	
As	such,	whether	it	makes	sense	to	use	experts	who	apply	the	same	
or different standards for such comparisons remains an open issue.

F I G U R E  3   (a)	Scatter	plot	comparing	the	mean	duration	of	disrupted	breathing	events	in	manual	(x-axis)	and	automatic	(y-axis)	scoring.	(b)	
Bland-Altman	plot	comparing	the	mean	duration	of	disrupted	breathing	events	in	manual	and	automatic	scoring.	(c)	Distribution	of	the	mean	
duration	of	disrupted	breathing	events	(x-axis)	in	manual	(blue)	and	automatic	(orange)	scoring

(a) (b) (c)
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This	work	did	not	perform	extensive	multivariable	analysis	(e.g.,	
we	did	not	study	 the	correlation	between	performance	and	BMI,	
gender	or	age).	Due	to	spatial	 restrictions,	we	did	not	distinguish	
between	obstructive	and	central	apneas,	or	between	apneas	and	
hypopneas.	In	this	work,	manual	scoring	was	performed	by	modi-
fying	automatic	scoring,	which	may	have	created	some	bias	in	the	
manual scoring. This bias can be estimated by additional scoring 
of	a	subset	of	 the	 recordings	used	 in	 this	work	by	a	separate	ex-
pert,	who	 is	not	given	access	 to	 the	automatic	scoring,	and	com-
paring	 the	 results	with	 those	 in	 this	work.	The	presented	 results	
are	 achieved	with	 and	 valid	 for	 one	 specific	 device	 (i.e.,	Nox	T3)	
and	analysis	software	(i.e.,	Nox	Medical,	version	5.1.0)	combination	
and	existing	work	has	shown	that	they	cannot	be	directly	applied	
to other solutions.

Despite	 these	 weaknesses,	 we	 demonstrated	 how	 well	 auto-
matic	scoring	works	based	on	a	very	large	dataset	covering	the	en-
tire	SA	severity	range.	This	indicates	that	automatic	scoring	may	be	
very	useful	in	cases	in	which	there	is	no	access	to	sleep	experts	or	
it	 is	 too	 expensive,	 such	 as	medical	 examinations	 in	 remote	 areas	
and by a general practitioner without involving sleep centres. This 
could	enable	longer-term	follow-up	studies	of	SA	patients	and	com-
plementing	 examinations	 that	 investigate	 other	 disorders,	 such	 as	
cardiac	disorders,	with	a	sleep	study.	To	achieve	a	consistently	high	
quality	of	automatic	analysis,	it	is	important	that	the	quality	of	the	
recording is good. This can be positively influenced through the fol-
lowing.	(a)	Good	patient	instructions	on	how	to	perform	the	record-
ing.	(b)	Signal	quality	check	(derived	from	oxygen	saturation,	cannula	
airflow	and	RIP	quality),	especially	for	a	large	discrepancy	between	
AHIautomatic and ODI. The airflow signal should always be manually 
checked,	as	 the	automatic	analysis	of	 this	signal	 is	not	always	cor-
rectly calculated. Overestimation of respiratory events might occur 
when	the	airflow	is	of	poor	quality.	(c)	Use	of	after-study	question-
naires	to	report	events	during	the	nights	(i.e.,	falling	asleep	or	being	
awake)	 to	 adjust	 the	 lights-out/lights-on	 period.	 (d)	Manually	 cor-
recting the automatic scoring in the case of movements.
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