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Summary
Consumer	activity	trackers	claiming	to	measure	sleep/wake	patterns	are	ubiquitous	
within clinical and consumer settings. However, validation of these devices in sleep 
disorder	populations	are	lacking.	We	examined	1 night	of	sleep	in	42	individuals	with	
insomnia	 (mean	 =	 49.14	 ±	 17.54	 years)	 using	 polysomnography,	 a	 wrist	 actigraph	
(Actiwatch	 Spectrum	 Pro:	 AWS)	 and	 a	 consumer	 activity	 tracker	 (Fitbit	 Alta	 HR:	
FBA).	Epoch‐by‐epoch	analysis	 and	Bland−Altman	methods	evaluated	each	device	
against	polysomnography	for	sleep/wake	detection,	total	sleep	time,	sleep	efficiency,	
wake	after	sleep	onset	and	sleep	latency.	FBA	sleep	stage	classification	of	light	sleep	
(N1	+	N2),	deep	sleep	(N3)	and	rapid	eye	movement	was	also	compared	with	poly‐
somnography.	 Compared	 with	 polysomnography,	 both	 activity	 trackers	 displayed	
high	 accuracy	 (81.12%	 versus	 82.80%,	AWS	 and	 FBA	 respectively;	 ns)	 and	 sensi‐
tivity	 (sleep	detection;	96.66%	versus	96.04%,	respectively;	ns)	but	 low	specificity	
(wake	detection;	39.09%	versus	44.76%,	respectively;	p	=	.037).	Both	trackers	over‐
estimated total sleep time and sleep efficiency, and underestimated sleep latency 
and	wake	after	sleep	onset.	FBA	demonstrated	sleep	stage	sensitivity	and	specific‐
ity,	 respectively,	of	79.39%	and	58.77%	(light),	49.04%	and	95.54%	(deep),	65.97%	
and	91.53%	 (rapid	eye	movement).	Both	devices	were	more	accurate	 in	detecting	
sleep	 than	 wake,	 with	 equivalent	 sensitivity,	 but	 statistically	 different	 specificity.	
FBA	provided	equivalent	estimates	as	AWS	for	all	traditional	actigraphy	sleep	param‐
eters.	FBA	also	showed	high	specificity	when	identifying	N3,	and	rapid	eye	move‐
ment, though sensitivity was modest. Thus, it underestimates these sleep stages and 
overestimates light sleep, demonstrating more shallow sleep than actually obtained. 
Whether	FBA	could	serve	as	a	low‐cost	substitute	for	actigraphy	in	insomnia	requires	
further investigation.
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1  | INTRODUC TION

Insomnia is the most commonly reported sleep problem in in‐
dustrialised	 nations	 worldwide	 (Bin,	 Marshall,	 &	 Glozier,	 2012).	
Cognitive	Behavioural	Therapy	 for	 insomnia	 (CBT‐I),	 a	non‐phar‐
macological	 treatment	 for	 insomnia	 considered	 the	 “gold‐stan‐
dard”	 intervention,	 requires	 patients	 to	 fill	 in	 a	 daily	 sleep	diary	
to	 subjectively	 assess	 their	 sleep	 (Qaseem,	 Kansagara,	 Forciea,	
Cooke,	&	Denberg,	2016).	Although	subjective	reports	are	critical	
for treatment, both clinicians and patients could potentially ben‐
efit from objective assessments of sleep disturbance. Moreover, 
independent	of	interventions,	patients	with	insomnia	often	track	
their own sleep in an effort to understand their sleep disorder 
(Kang	 et	 al.,	 2017).	As	 such,	 a	 valid	 at‐home	objective	measure‐
ment of sleep is needed.

Polysomnography	 (PSG)	 is	 the	 “gold‐standard”	 to	 objectively	
measure	 sleep	 (Montgomery‐Downs,	 Insana,	&	Bond,	 2012;	 Taibi,	
Landis,	 &	 Vitiello,	 2013;	 Toon	 et	 al.,	 2016).	 However,	 despite	 its	
widespread	applicability,	PSG	has	some	clear	drawbacks.	It	is	time‐
consuming,	expensive,	 intrusive,	and	requires	trained	sleep	techni‐
cians	to	apply,	record	and	visually	score	PSG	records	(Cook,	Prairie,	
&	Plante,	2017;	Sadeh,	2015).	To	overcome	these	limitations,	wrist	
actigraphs have been developed and now considered the “accepted” 
alternative	to	PSG	to	gather	objective	data	on	sleep−wake	patterns	
in	non‐laboratory	settings.

Actigraphy	 has	 received	 extensive	 validation.	 Generally,	 actig‐
raphy,	 compared	 with	 PSG,	 demonstrates	 high	 sensitivity	 (ability	
to accurately score sleep; with values ranging from 93% to 98.1%; 
Marino	et	al.,	2013;	Sivertsen	et	al.,	2006;	Taibi	et	al.,	2013;	Toon	et	
al.,	2016)	and	low	specificity	(ability	to	accurately	score	wake;	with	
values	ranging	from	28.1%	to	36.3%;	Marino	et	al.,	2013;	Sivertsen	
et	al.,	2006;	Taibi	et	al.,	2013;	Toon	et	al.,	2016)	in	sleep‐disturbed	
populations.	As	a	result,	actigraphs	tend	to	overestimate	total	sleep	
time	(TST)	and	sleep	efficiency	(SE;	Sivertsen	et	al.,	2006;	Taibi	et	al.,	
2013;	Toon	et	al.,	2016),	and	underestimate	sleep	 latency	 (SL)	and	
wake	after	sleep	onset	(WASO;	Marino	et	al.,	2013;	Taibi	et	al.,	2013;	
Toon	et	al.,	2016).

Mass‐marketed	consumer	activity	trackers	are	gaining	a	broader	
acceptance within the general public, as they are user friendly, 
demonstrate face validity, come in attractive designs, and provide 
immediate	 feedback	 via	 wireless	 synchronisation	 to	 smartphones	
(Cook	et	al.,	2017;	Shelgikar,	Anderson,	&	Stephens,	2016).	Similar	to	
actigraphy,	these	devices	use	in‐built	accelerometers	to	detect	mo‐
tion	to	determine	sleep/wake	patterns	(Baron	et	al.,	2018).	The	most	
recent models have multisensory capability, and use a combination 
of motion and other features (e.g. heart rate and heart rate variabil‐
ity)	 for	 sleep/wake	 and	 sleep	 stages	 determination	 (de	 Zambotti,	
Cellini,	 Goldstone,	 Colrain,	 &	 Baker,	 2018).	 However,	 these	 algo‐
rithms	 are	 proprietary,	which	 limits	 flexibility	 in	 research.	Despite	
the	 “black	box”	 nature	of	 the	 algorithms,	 there	 remains	 a	 need	 to	
determine	whether	consumer	activity	trackers	are	comparable	to	re‐
search‐grade	PSG,	given	the	almost	ubiquitous	use	of	such	devices	
by the public.

Fitbit	devices	have	recently	become	a	popular	commercial	activity	
tracker.	Few	validation	studies	have	been	conducted	against	gold‐stan‐
dard	 PSG	 in	 sleep‐disturbed	 populations.	 Cook,	 Eftekari,	 Dallmann,	
Sippy,	and	Plante	(2018)	investigated	the	performance	of	Fitbit	Alta	HR	
in	49	adult	patients	with	suspected	central	disorders	of	hypersomno‐
lence,	reporting	significant	overestimation	of	PSG	TST	(11.6	min)	and	
SE	(2%),	a	sensitivity	of	96%	and	specificity	of	58%.	Two	other	studies	
(one	with	Insomnia	Disorder	patients	[Kang	et	al.,	2017]	and	the	other	
with	 healthy	 adults,	 some	 of	 which	 had	 PSG	 evidences	 of	 periodic	
limb	movement	of	sleep	[PLMS,	> 15	per	hr;	de	Zambotti,	Goldstone,	
Claudatos,	Colrain,	&	Baker,	2018])	reported	high	sensitivity	values	of	
97%	and	96%,	and	low	specificity	values	of	35%	and	62%,	respectively,	
with	mixed	results	related	to	estimation	of	specific	sleep	parameters.

Moreover,	similar	to	PSG,	newer	models	of	Fitbits	claim	to	provide	
information	about	an	individual's	sleep	stages.	Beattie	et	al.	(2017)	
reported	values	of	69.3%,	69.2%,	62.4%	and	71.6%	to	detect	wake,	
light,	deep	and	rapid	eye	movement	(REM)	sleep,	respectively,	 in	a	
sample	of	adult	self‐reported	normal	sleepers	using	the	Fitbit	Surge.	
No	biases	were	reported	in	the	over/underestimation	of	wake,	deep	
or	 light	 sleep,	 though	 the	 tracker	 significantly	overestimated	REM	
sleep	by	13	min	(Beattie	et	al.,	2017).	Similarly,	in	a	sample	of	individ‐
uals	with	PSG	signs	of	PLMS	(> 15	per	hr;	Zambotti,	Goldstone,	et	al.,	
2018),	Fitbit	Charge	2	showed	62%,	78%,	36%	and	62%	accuracy	to	
detect	wake,	light,	deep	and	REM	sleep,	respectively.	Fitbit	Charge	
2	significantly	overestimated	PSG	N3	(deep)	sleep	by	28	min,	while	
findings	for	N1	+	N2	(light)	sleep	and	REM	sleep	did	not	differ	sig‐
nificantly	from	PSG	(Zambotti,	Goldstone,	et	al.,	2018).	Cook	et	al.	
(2018)	reported	overestimation	of	PSG	N3	sleep	of	Fitbit	Alta	HR	in	
adult patients with suspected central disorders of hypersomnolence.

With	 the	 recent	 rise	 in	 interest	 for	consumer	activity	 trackers,	
Insomnia Disorder patients in particular are interested in monitoring 
their	sleep/wake	cycles	through	these	devices.	Furthermore,	assess‐
ing sleep in an insomnia population over prolonged time windows 
is	needed	to	capture	the	well‐known	high	night‐to‐night	variability	
of	the	sleep/wake	pattern	in	this	population	(Bei,	Wiley,	Trinder,	&	
Manber,	2016;	Straus,	Drummond,	Nappi,	Jenkins,	&	Norman,	2015).	
Therefore,	 it	 is	vital	these	consumer	activity	trackers	are	validated	
against	gold‐standard	sleep	measures	in	insomnia.	This	study	is	the	
first to address this gap in the literature by validating a current con‐
sumer	activity	tracker	(Fitbit	Alta	HR:	FBA)	against	PSG	in	a	sample	
of patients with chronic insomnia. The aims of the study were to: 
(a)	examine	differences	in	sensitivity,	specificity,	accuracy	of	sleep/
wake	 identification,	 as	 well	 as	 of	 sleep	 variables	 TST,	 SE,	 SL	 and	
WASO	between	PSG	and	each	of	Actiwatch	Spectrum	Pro	 (AWS)	
and	FBA	for	sleep/wake	state;	and	(b)	examine	whether	sleep	stage	
classifications	of	FBA	are	comparable	to	those	of	gold‐standard	PSG.

2  | METHODS

2.1 | Participants

A	 total	 of	 42	 individuals	 (23	 females,	 ages	 19–82	 years;	
mean	 =	 49.14	 ±	 17.54	 years)	 diagnosed	 with	 chronic	 insomnia	
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participated	in	this	study.	Sample	size	differed	slightly	for	each	aim	
due	 to	missing	 data	 from	 all	 three	 devices.	Aim	1	 included	38	 in‐
dividuals	(21	females,	ages	19–82	years;	mean	=	48.2	±	18.0	years),	
and	Aim	 2	 included	 30	 individuals	 (16	 females,	 ages	 19–74	 years;	
mean	=	 44.7	 ±	 15.6	 years).	 Participants	were	 recruited	 as	 part	 of	
a	 larger	National	Health	and	Medical	Research	Council	 (NHMRC)‐
funded	study,	Project	REST	(Researching	Effective	Sleep	Treatments,	
APP1105458),	a	couple‐based	randomised	controlled	trial	for	insom‐
nia	(Mellor	et	al.,	2019).	All	participants	read	explanatory	statements	
and	gave	informed	consent	(ethics	approval	by	Monash	University,	
MUHREC	 approval	 number:	 CF16/276‐2016000125).	 Participants	
were	included	if	they:	(a)	were	>18	years	old;	(b)	met	DSM‐5	diagnos‐
tic	criteria	for	Insomnia	Disorder;	(c)	had	a	stable	bed	partner;	and	(d)	
were fluent in English.

Participants	 were	 excluded	 if	 they:	 (a)	 had	 diagnosis	 of	 either	
schizophrenia	or	bipolar	disorder;	(b)	had	current	substance	use	dis‐
order	 (SUD)	or	SUD	 in	 the	past	90	days;	 (c)	had	unmanaged	sleep	
disorders	 (other	 than	 insomnia);	 (d)	 had	 other	 conditions	 such	 as	
traumatic	brain	injury,	dementia	or	stroke	that	would	limit	their	abil‐
ity	to	process	and	comprehend	information;	(e)	engaged	in	shift	work	
within	 the	 last	6	months;	 (f)	 travelled	across	more	 than	one	 time‐
zone	within	the	past	month	(if	travelled,	we	waited	1 week	per	time‐
zone	 for	 treatment);	 (g)	 recently	 (< 1	month)	 received	 behavioural	
treatment	for	insomnia;	(h)	were	pregnant	such	they	would	not	fin‐
ish	the	treatment	phase	before	the	end	of	the	first	trimester;	(i)	had	
newborns	(< 1	year	old);	(j)	had	a	body	mass	index >	35 kg m−2;	or	(k)	
experienced	current	or	a	history	of	domestic	violence.

2.2 | Procedure

Potential	participants	contacted	researchers	either	by	email	or	phone	
in	response	to	study	advertising.	Candidates'	 interests	and	eligibil‐
ity	were	assessed	by	an	initial	screening	questionnaire,	and	through	
an information and consent session. Eligible participants were then 
scheduled	for	an	overnight	sleep	study,	which	consisted	of	1 night	
of	PSG	monitoring	at	the	laboratory.	A	trained	sleep	technician	per‐
formed	all	electrode	attachments	for	PSGs.	Both	the	AWS	and	the	
FBA	were	placed	adjacently	on	the	participant's	non‐dominant	wrist.	
The	 order	 of	 activity	 trackers	 on	 the	 wrist	 was	 counterbalanced	
across participants to account for the possibility that position of the 
tracker	may	alter	device	accuracy.	Bedtimes	and	wake	 times	were	
tailored to each individual based on their habitual sleep pattern. If 
participants were found to have disorders other than insomnia, they 
were	excluded	from	the	study	and	referred	to	appropriate	specialists	
for treatment.

2.3 | Materials

2.3.1 | Screening

Screening	 interviews	 included	 the	 Structured	 Clinical	 Interview	
for	 DSM‐5	 (First,	 Williams,	 Karg,	 &	 Spitzer,	 2016),	 and	 the	 Duke	
Structured	 Interview	 for	 Sleep	 Disorders	 (Edinger	 et	 al.,	 2006).	

Screening	 questionnaires	 included	 the	 Insomnia	 Severity	 Index	
(Morin,	 Belleville,	 Bélanger,	 &	 Ivers,	 2011),	 the	 STOP‐Bang	
Questionnaire	 (Chung	 et	 al.,	 2008),	 the	 Alcohol	 Use	 Disorders	
Identification	Test	(World	Health	Organization,	2001),	and	the	Drug	
Use	Disorders	Identification	Test	(Bergman	&	Källmén,	2002).

2.3.2 | Sleep diaries

Participants	 completed	 a	 nine‐item	 sleep	 diary,	 based	 on	 the	
Consensus	Diary	(Carney	et	al.,	2012),	the	morning	after	the	over‐
night sleep study. The sleep diary records information as bedtime, 
wake	time,	SL,	and	number	and	duration	of	awakenings.

2.3.3 | Polysomnography

Polysomnography	 was	 applied	 according	 to	 the	 International	
10/20	 System	 of	 Electrode	 Placement.	 According	 to	 ASSM	 crite‐
ria	 (American	 Academy	 of	 Sleep	 Medicine,	 2014),	 the	 following	
measurements	 were	 taken:	 electroencephalogram	 (F3/F4,	 C3/C4,	
O1/O2),	 electrocardiogram	 (ECG‐L,	 ECG‐R),	 chin	 electromyogram	
(EMG;	M1,	M2),	electrooculogram	(EOG‐L,	EOG‐R),	and	leg	electro‐
myogram	(EMG‐L,	EMG‐R).	Oxygen	saturation,	 respiration	and	 leg	
movements were also collected to confirm the absence of sleep dis‐
orders other than insomnia.

2.3.4 | Activity trackers

Activity	 trackers	 included	 the	 research‐grade	Actiwatch	Spectrum	
Pro	 (Phillips	 Respironics)	 and	 the	 consumer	 activity	 tracker	 Fitbit	
Alta	HR	(Fitbit).

Actiwatch Spectrum Pro

For	 research‐grade	 actigraphy,	 the	 Actiwatch	 Spectrum	 Pro	 was	
used.	 Actiwatch	 data	 were	 collected	 in	 30‐s	 epochs	 in	 its	 stand‐
ard	sensitivity	wake	threshold	(score	wake	at	more	than	40	activity	
counts	per	epoch).

Fitbit Alta HR

The	 consumer‐grade	 activity	 tracker	 included	 the	 Fitbit	 Alta	 HR	
(2017	release).	Epoch	length	was	pre‐set	to	30‐s	intervals,	and	data	
were	collected	in	the	normal	(standard)	setting,	as	this	is	the	default	
and	thus	 likely	used	by	the	majority	of	consumers.	Data	were	col‐
lected	 from	July	2017	until	December	2018	 (latest	 firmware	used	
26.63.2).

2.4 | Data scoring and extraction

Data	 from	each	device	were	 analysed	 from	 time	of	PSG‐recorded	
lights	off	to	 lights	on.	PSG	records	were	manually	scored	by	a	sin‐
gle	 trained	 sleep	 technician	 in	 30‐s	 epochs	 using	 Compumedics	
ProFusion	PSG	(version	3.2,	2016).	Each	epoch	was	scored	according	
to	standard	AASM	criteria	as	wake,	N1,	N2	or	N3	or	REM.	The	tech‐
nician	is	RPSGT	certified	and	regularly	re‐evaluates	their	interrater	
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reliability against standard records, achieving an average 88% con‐
cordance.	 Data	 for	 Fitbit	 were	 not	 available	 as	 output	 files	 from	
consumer	 software.	Accordingly,	 sleep	 stage	 information	 for	 each	
30‐s	 epoch	was	manually	 extracted	 from	 summary	 graphs	 on	 the	
Fitbit	app.	When	Fitbit	fails	to	detect	a	specific	sleep	stage,	it	labels	
the	given	epoch	as	either	awake,	 restless	or	asleep.	This	occurred	
for	8/38	(21.05%)	participants,	reducing	the	sample	size	for	Aim	2	
to n	=	30.	Actiwatch	data	were	analysed	using	Philips	Actiware	6.0.	
Automatically	scored	data	were	adjusted	in	accordance	with	bed	and	
wake	times	from	the	PSG.

For	analyses	where	only	sleep	versus	wake	was	of	interest	(Aim	
1),	sleep	stage	data	from	PSG	and	FBA	were	exported	to	Excel	and	
each	 epoch	 was	 recoded	 as	 either	 “wake”	 or	 “sleep”,	 to	 be	 com‐
parable	 to	 data	 extracted	 from	 the	 actigraph.	 For	 these	 analyses,	
Fitbit‐identified	stage	“restless”	was	classified	as	wake,	as	per	Kang	
et	al.	(2017).	For	the	sleep	staging	analyses	(Aim	2),	PSG	stages	were	
recoded	 as	 follows,	 to	 be	 comparable	 to	 Fitbit	 data:	 wake;	 light	
(N1	+	N2);	deep	(N3);	and	REM	sleep.

2.5 | Data analysis

All	data	were	analysed	with	 IBM	Statistical	Package	 for	 the	Social	
Sciences	 (SPSS),	 version	 25.	 Alpha	 was	 set	 to	 0.05,	 two‐tailed.	
Cohen's	d	was	used	to	interpret	effect	sizes,	where	0.2,	0.5	and	0.7	
represented	small,	medium	and	 large	effects,	 respectively	 (Cohen,	
1988;	Field,	2018).

2.5.1 | Interrater reliability

Prevalence	and	bias‐adjusted	kappa	(PABAK;	Byrt,	Bishop,	&	Carlin,	
1993)	was	used	to	calculate	the	percentage	of	scoring	agreement	of	
two	devices	not	due	to	chance.	This	index	of	interrater	reliability	was	
used	instead	of	Cohen's	kappa	as	it	gives	balanced	weight	to	sleep	
and	wake	epochs	(Markwald,	Bessman,	Reini,	&	Drummond,	2016).	
A	confusion	matrix	was	used	to	calculate	PABAK,	across	all	partici‐
pants,	between	each	pair	of	devices	for	sleep	versus	wake	(Aim	1),	
as	well	as	between	Fitbit	and	PSG	for	sleep	stages	 (Aim	2).	Landis	
and	Koch	(1977)	guidelines	were	used	to	interpret	coefficient	sizes.

2.5.2 | Sensitivity, specificity and accuracy

Formulae	 outlined	 by	 Tilmanne,	 Urbain,	 Kothare,	 Wouwer,	 and	
Kothare	 (2009)	were	 used	 to	 calculate	 the	 sensitivity,	 specificity	
and	accuracy	for	each	device.	A	confusion	matrix	was	used	to	cal‐
culate	true	positives	(TPs),	true	negatives	(TNs),	false	positives	(FPs)	
and	false	negatives	 (FNs).	TPs	arise	when	both	the	gold‐standard	
device	and	the	comparison	device	score	the	30‐s	epoch	as	sleep.	
TNs	arise	when	both	the	gold‐standard	device	and	the	comparison	
device	score	the	epoch	as	awake.	FPs	arise	when	the	gold‐standard	
device scores the epoch as sleep, but the comparison device scores 
the	epoch	as	wake.	FNs	arise	when	the	gold‐standard	device	scores	
the	epoch	as	wake,	but	the	comparison	device	scores	the	epoch	as	
sleep.	Sensitivity	is	the	ability	of	the	compared	device	to	accurately	

score	sleep,	and	is	computed	using	TP/(TP	+	FN).	Specificity	is	the	
ability	of	the	compared	device	to	accurately	score	wake,	and	is	cal‐
culated	 using	 TN/(TN	 +	 FP).	 Accuracy	 is	 the	 total	 percentage	 of	
sleep	 and	wake	epochs	 correctly	 identified	by	 the	 compared	de‐
vice,	 and	 is	 calculated	as	 (TP	+	TN)/(TP	+	TN + FN	+	FP).	Paired‐
sample t‐tests	were	used	to	assess	differences	between	sensitivity,	
specificity	 and	 accuracy	 between	 the	 two	 activity	 trackers	 com‐
pared	with	PSG.

For	sleep	staging	analyses	 (Aim	2),	 sensitivity	 is	 the	ability	of	
the compared device to accurately identify the corresponding 
sleep	stage	(if	stage	X	is	present	in	the	PSG,	does	the	device	iden‐
tify	 it?),	while	 specificity	 reflects	 the	ability	of	 the	device	 to	not	
misidentify other sleep stages as the specified stage (when the de‐
vice	identifies	stage	X,	how	likely	is	it	the	PSG	also	calls	that	epoch	
stage	X?).

2.5.3 | Bland−Altman analyses

GraphPad	Prism	6	was	used	for	Bland−Altman	analyses	to	evaluate	
the agreement between two devices on each sleep parameter. This 
technique	plots	the	mean	difference	(or	bias)	between	two	devices	
against	the	average	score	for	the	devices	(Bland	&	Altman,	1986).	
Mean differences between devices for each sleep measure were 
calculated along with the standard deviation, and lower and upper 
agreement	limits	(mean	difference	±	1.96	SD).	A	positive	bias	indi‐
cates a device tends to overestimate a particular sleep variable in 
comparison	to	the	gold‐standard	device,	while	a	negative	value	in‐
dicates the sleep variable is underestimated. The statistical signifi‐
cance	of	each	mean	bias	was	tested	with	a	one‐sample	t‐test	(i.e.	is	
the mean bias for each sleep parameter on each device significantly 
different	 than	 zero?).	 A	 paired‐samples	 t‐test	 examined	 whether	
the	mean	bias	was	different	between	AWS	and	FBA.	Proportional	
bias	was	 examined	 using	 regression	 analyses.	 A	 significant	 value	
indicates the difference scores between two devices change ac‐
cording	to	the	level	of	the	measured	sleep	variable.	Finally,	to	es‐
timate the clinical relevance of mean bias values, we performed 
a sensitivity/specificity analysis, similar to that described above, 
using	 “potential	 insomnia	 case”	 from	 the	PSG	 as	 the	 category	 of	
interest.	“Caseness”	for	each	sleep	parameter	was	defined	as	a	PSG	
value	< 85%	SE,	> 30	min	SL	and	WASO,	and	< 7	hr	TST	(based	on	
accepted recommendations for adult sleep duration; Watson et al., 
2015),	respectively.

3  | RESULTS

3.1 | Aim 1: Sleep/wake analyses

3.1.1 | Sensitivity, specificity, accuracy and 
interrater reliability

When	 compared	with	 gold‐standard	PSG,	 there	were	 no	 signifi‐
cant differences in sensitivity (t37	=	1.040,	p	=	 .305, d	=	0.17)	or	
accuracy (t37	 =	 −1.943,	 p = .060, d = −0.32)	 between	 FBA	 and	
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AWS;	however,	FBA	had	significantly	higher	specificity	than	AWS	
(t37	=	−2.160,	p	=	.037,	d = −0.35;	Table	1).	Overall,	both	AWS	and	
the	Fitbit	device	had	high	sensitivity	values	(> 90%)	and	low	speci‐
ficity	 values	 (< 60%).	 PABAK	 coefficients	 indicated	 agreement	
between	AWS	and	PSG	for	sleep/wake	determination	was	just	in‐
side the substantial range (κ	=	0.66),	while	PABAK	was	just	outside	
the	 substantial	 range	 for	 the	 agreement	 between	 PSG	 and	 FBA	
(κ	=	0.58).

3.1.2 | Bland−Altman

Based	on	mean	bias	values,	both	activity	trackers	significantly	over‐
estimated	PSG‐determined	TST	and	SE.	Both	devices	 significantly	
underestimated	 WASO,	 while	 only	 AWS	 significantly	 underesti‐
mated	SL	(Table	2;	Figures	1	and	2).	The	only	parameter	for	which	
the two devices showed a significant difference in mean bias from 
each	other	was	SL	(t37	=	−3.441,	p = .001, d	=	−0.56).	AWS	showed	

proportional	 bias	 for	 all	measures.	The	Fitbit	 device,	 on	 the	other	
hand,	showed	proportional	bias	only	for	SL	and	WASO.

3.1.3 | Insomnia case status

Polysomnography	 identified	 the	 following	number	of	 “cases”	 for	
each	 sleep	 parameter:	 SL	 (7),	 SE	 (28),	WASO	 (33)	 and	 TST	 (34).	
The	AWS	identified	no	participants	as	a	case	based	on	SL.	Thus,	
sensitivity/specificity	values	showed	AWS	was	completely	unable	
to	discriminate	cases	from	non‐cases	based	on	SL.	The	FBA,	on	the	
other	hand,	identified	three	cases	of	insomnia	based	on	SL,	provid‐
ing	slightly	better	sensitivity/specificity	values.	For	all	 remaining	
measures,	 both	 devices	 showed	 excellent	 specificity	 (i.e.	 ability	
to	detect	a	non‐case:	all	values	1.0).	For	SE,	AWS	and	FBA	both	
showed very poor sensitivity (ability to detect a case: 0.321 and 
0.429,	respectively).	For	WASO,	AWS	showed	moderate	sensitiv‐
ity	(0.758)	and	FBA	showed	low	sensitivity	(0.667).	Finally,	for	TST,	

Device Sensitivity (%) Specificity (%)*  Accuracy (%) Kappa (κ)

AWS 96.66 39.09 81.12 0.66

FBA 96.04 44.76 82.80 0.58

κ	>	0.5	=	agreement	beyond	chance.
*Devices different at p	<	.05.	

TA B L E  1   Mean sensitivity, specificity, 
accuracy	values	and	prevalence,	and	bias‐
adjusted	kappa	coefficients	for	Actiwatch	
and	FBA	compared	with	gold‐standard	
PSG

F I G U R E  1  Bland−Altman	plot	demonstrating	mean	bias,	and	upper	and	lower	limits	of	agreement	between	polysomnography	(PSG)	and	
FBA	for	all	sleep	variables.	Zero	represents	perfect	agreement.	A	mean	bias	line	above	and	below	zero	demonstrates	overestimation	and	
underestimation	of	the	device	against	gold‐standard	PSG,	respectively.	The	trend	line	represents	significant	proportional	biases	of	R2	=	.104	
and	.141	for	sleep	latency	(SL)	and	wake	after	sleep	onset	(WASO),	respectively;	and	non‐significant	proportional	biases	of	R2 = .011 and 
< .01	for	sleep	efficiency	(SE)	and	total	sleep	time	(TST),	respectively
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AWS	showed	high	(0.853)	and	FBA	showed	very	high	(0.941)	sensi‐
tivity. Thus, both devices were perfect at detecting individuals not 
classified as a “case”, but fairly poor at identifying those who were 
classified	as	a	“case”,	based	on	SL,	SE	or	WASO.	Both	devices	were	
able	to	detect	a	case	based	on	TST	<	7	hr.

3.2 | Aim 2: Sleep stage analyses

3.2.1 | Sensitivity, specificity, accuracy and 
interrater reliability

FBA	showed	modest	sensitivity	for	all	sleep	stages,	with	relatively	
higher	sensitivity	for	light	sleep.	FBA	showed	high	specificity	values	
(> 90%)	for	all	sleep	stages	other	than	light	sleep	(Table	3).	PABAK	
coefficients indicated there was fair to moderate agreement be‐
tween	PSG	and	FBA	for	all	sleep	stages.	Figure	3	shows	the	errors	
FBA	made	for	each	sleep	stage.

3.2.2 | Bland−Altman

Based	 on	 mean	 bias	 values,	 FBA	 overestimated	 PSG‐defined	
Stage	N1	+	N2	and	REM,	and	underestimated	Stage	N3	and	wake	
(Table	4;	Figure	4).	FBA	showed	a	proportional	bias	only	in	PSG‐de‐
fined	wake.

4  | DISCUSSION

To	 our	 knowledge,	 this	 is	 the	 first	 study	 to	 validate	 FBA	 to	 gold‐
standard	 PSG	 in	 a	 clinical	 population	 of	 insomnia	 patients.	When	
examining	only	sleep/wake	scoring	and	comparing	performance	of	
the	AWS	and	FBA,	both	devices	performed	very	similarly	and,	over‐
all,	in	line	with	past	literature	(Kang	et	al.,	2017;	Marino	et	al.,	2013;	
Sivertsen	et	al.,	2006;	Taibi	et	al.,	2013;	Toon	et	al.,	2016;	Zambotti,	
Goldstone,	et	al.,	2018).	In	general,	both	devices	showed	high	sen‐
sitivity	 (> 90%)	 and	 low	 specificity	 (< 60%)	 values,	 and	 interrater	
reliability	 in	the	moderate	to	substantial	range	(Table	1).	Like	most	
actigraphs,	 FBA	 tended	 to	 overestimate	 sleep	 and	 underestimate	
wake.	This	 result	may	be	 attributed	 to	design,	 as	 activity	 trackers	
employ	 accelerometers	 to	 detect	 sleep/wake	 epochs.	 In	 insom‐
nia	populations,	participants	may	lie	motionless	yet	awake,	 leading	
the	 tracker	 to	misclassify	 non‐movement	 periods	 as	 “sleep”	 (Kang	
et	 al.,	 2017;	Montgomery‐Downs	 et	 al.,	 2012;	 Toon	 et	 al.,	 2016).	
Regardless, no significant differences were found between the two 
activity	trackers	in	detecting	sleep,	but	FBA	was	better	at	detecting	
wake.

Results	 from	 Bland−Altman	 analyses	 for	 sleep	 continuity	
measures also showed both devices performed similarly. Both 
activity	 trackers	 significantly	 overestimated	 TST	 and	 SE.	 Both	
devices	significantly	underestimated	WASO;	however,	only	AWS	

F I G U R E  2  Bland−Altman	plot	demonstrating	mean	bias,	and	upper	and	lower	limits	of	agreement	between	polysomnography	(PSG)	and	
AWS	for	all	sleep	variables.	Zero	represents	perfect	agreement.	A	mean	bias	line	above	and	below	zero	demonstrates	overestimation	and	
underestimation	of	the	device	against	gold‐standard	PSG,	respectively.	The	trend	line	represents	significant	proportional	biases	of	R2	=	.335,	
.116,	.908	and	.359	for	sleep	efficiency	(SE),	total	sleep	time	(TST),	sleep	latency	(SL)	and	wake	after	sleep	onset	(WASO),	respectively
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significantly	underestimated	SL	 (Table	2;	Figures	1	and	2).	While	
FBA	 showed	 a	 significantly	 smaller	 SL	 bias	 than	AWS,	 FBA	 also	
showed	greater	limits	of	agreement	(on	all	other	measures)	relative	
to	the	AWS.	Interestingly,	the	AWS	showed	proportional	bias	on	
a	greater	number	of	measures	than	did	the	FBA,	suggesting	poor	
sleep	has	a	greater	adverse	 impact	on	AWS	 than	 it	does	on	 this	
model	 of	 FBA.	 It	 is	 possible	 the	multisensory	 approach	 to	 sleep	
staging	adopted	in	the	current	FBA	model	minimises	errors	in	dis‐
criminating	 motionless	 wake	 from	 sleep.	 However,	 this	 has	 not	
yet	been	empirically	shown,	to	our	knowledge,	and	our	data	sug‐
gest	HRV	did	not	improve	FBA	sleep	identification,	though	it	may	
have	aided	wake	identification.	Importantly,	both	devices	showed	

proportional	bias	for	SL	and	WASO.	As	agreement	between	each	
device	 and	 PSG	was	 found	 to	 get	worse	with	 increasing	 SL	 and	
WASO,	individuals	who	experience	the	worst	early	and/or	middle	
insomnia may be most affected by inaccuracies in the devices. This 
is	a	critical	point	for	consumers	with	insomnia	and	clinicians,	alike,	
to	carefully	note.	Interestingly,	FBA	did	not	show	proportional	bias	
on	the	two	more	global	measures	of	sleep	(TST	and	SE).	Together,	
these	findings	suggest	FBA	provides	similar	estimates	of	sleep	as	
does more traditional actigraphy, and may even perform better in 
some way, though there is a wider range of performance with the 
FBA	and	the	“worst	case	scenario”	estimate	is	slightly	worse	with	
the	FBA	device.

F I G U R E  3  Confusion	matrix	illustrating	sleep	staging	agreement	between	polysomnography	(PSG)	and	FBA	for	all	participants	for	every	
30‐s	epoch.	Shaded	values	show	the	number	of	epochs	of	each	sleep	stage	from	PSG	that	were	accurately	identified	by	FBA.	Other	values	
within	a	column	show	how	FBA	misclassified	epoch	of	each	PSG‐defined	sleep	stage

Polysomnography

Light Deep REM WAKE TOTAL 
Fitbit 
Alta 
HR

Light 8,076 2,336 934 2,844 14,190
Deep 517 2,508 202 65 3,292
REM 1,045 130 2,539 590 4,304
WAKE 408 102 79 2,300 2,889
TOTAL 10,046 5,076 3,754 5,799 24,675

F I G U R E  4  Bland−Altman	plot	demonstrating	mean	bias,	and	upper	and	lower	limits	of	agreement	between	polysomnography	(PSG)	
and	FBA	for	all	sleep	stages.	Zero	represents	perfect	agreement.	A	mean	bias	line	above	and	below	zero	demonstrates	overestimation	and	
underestimation	of	the	device	against	gold‐standard	PSG,	respectively.	The	trend	line	represents	a	significant	proportional	bias	of	R2 = .363 
for	Stage	wake,	and	non‐significant	proportional	biases	of	R2	=	.003,	.058	and	.088	for	Stage	N1	+	N2,	N3	and	rapid	eye	movement	(REM),	
respectively
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In	examining	whether	either	device	could	accurately	detect	an	
“insomnia	case”	based	on	PSG	data,	both	devices	were	able	to	iden‐
tify someone as “not a case”. However, they were generally not able 
to identify someone whose sleep parameters were within commonly 
accepted	clinical	ranges	(i.e.	a	“case”).	Of	course,	one	must	acknowl‐
edge	PSG	may	not	be	the	standard	by	which	clinicians	wish	to	judge	
the	clinical	utility	of	these	devices,	as	PSG	is	not	necessary	for	the	
diagnosis of insomnia. Nonetheless, the aims of this paper focus on 
comparing	these	devices	with	PSG,	and	using	PSG	to	define	insom‐
nia	case	status	(which	can	be	potentially	extended	to	cases	of	“poor”	
sleep	as	detected	by	PSG)	in	this	context	helps	provide	further	infor‐
mation on the validity and utility of the devices.

Sleep	 stage	 classifications	 based	 on	 FBA,	 relative	 to	 those	 of	
gold‐standard	PSG,	found	FBA	showed	moderate	levels	of	sensitiv‐
ity for all sleep stages, with high levels of specificity and accuracy 
for	 stages	N3,	 REM	and	wake	 (Table	 3).	Our	 results	 demonstrate	
higher	levels	of	accuracy	compared	with	those	found	by	Zambotti,	
Goldstone,	et	al.	 (2018)	using	Fitbit	Charge	2.	Here,	Fitbit	overes‐
timated	PSG‐defined	Stages	N1	+	N2,	and	underestimated	N3	and	
wake	(Table	4;	Figure	4).	Thus,	FBA	reports	 less	wake	and	greater	
TST	 than	 PSG,	while	 also	 reporting	 lower	 quality	 sleep	 (i.e.	more	
light	 sleep).	 Although	Zambotti,	 Goldstone,	 et	 al.	 (2018)	 reported	
similar overestimations of light sleep, they also reported overes‐
timations of N3 sleep. Differences in results may be attributed to 
several factors, including the different sample used (healthy adults 

in	 the	study	by	Zambotti,	Goldstone,	et	al.,	2018	versus	 insomnia	
and	a	wider	 age	 range	 in	 the	current	 study),	 the	different	models	
of	Fitbit,	 and	potentially	different	 algorithms	 incorporating	differ‐
ent	information	in	sleep	staging.	As	with	sleep	continuity	measures,	
FBA	 displayed	wide	 limits	 of	 agreement	 (i.e.	 confidence	 intervals	
around	mean	bias	estimate).	Thus,	any	given	individual	night	could	
vary and be wildly inaccurate for a given sleep stage. Both clinicians 
and patients should thus be aware of sleep stage overestimations 
and underestimations, and be very cautious when interpreting sleep 
stage information.

Limitations of the current study are worth noting. While our 
inclusion criteria allowed for a wide range of medical and psychi‐
atric	co‐morbidities,	and	thus	broad	generalisability,	findings	may	
not be generalisable to samples of patients with insomnia second‐
ary	 to	 another	 sleep−wake	disorders	or	SUDs.	Furthermore,	de‐
pending on the population studied and the devices and algorithms 
used, estimates of sleep variables vary widely between studies. 
Therefore, findings from the current study cannot be generalised 
to	other	models	of	Actiwatches	and	Fitbits.	Neither	can	findings	
be applied to similar devices utilising different algorithms, as past 
research has demonstrated different algorithms applied to the 
same	data	produce	different	 findings	 (Meltzer,	Walsh,	Traylor,	&	
Westin,	2012).	Indeed,	the	biggest	drawback	to	any	consumer	de‐
vice is that the manufacturer can update the data collection and/
or analysis software at any time, without necessarily informing the 

Variable Device Mean bias
Lower limit of 
agreement

Upper limit of 
agreement R2

TST	(min) AWS +64.24**  −43.80 172.30 .116* 

FBA +53.33**  −65.31 172.0 < .01

SE	(%) AWS +13.95**  −8.66 36.56 .335* 

FBA +11.78**  −12.37 35.93 .011

SL	(min) AWS −14.11**  −45.20 16.99 .908* 

FBA −1.99 −48.98 45.01 .104* 

WASO	(min) AWS −45.28**  −134.90 44.36 .359* 

FBA −48.37**  −140.90 44.14 .141* 

Significant	R2 demonstrates	proportional	bias	from	regression	analyses.	FBA	showed	a	significantly	
lower	SL	mean	bias	value	than	did	AWS.
SE,	sleep	efficiency;	SL,	sleep‐onset	latency;	TST,	total	sleep	time;	WASO,	wake	after	sleep	onset.
*p	<	.05.	
**p	<	.001.	

TA B L E  2  Bland−Altman	limits	of	
agreement	and	mean	bias	values	for	AWS	
and	FBA	compared	with	PSG

Sleep stage Sensitivity (%) Specificity (%) Accuracy (%) Kappa (κ)

N1	+	N2	(light) 79.39 58.77 66.97 0.36

N3	(deep) 49.04 95.54 85.82 0.52

REM 65.97 91.53 87.54 0.56

Wake 43.22 96.91 83.41 0.44

κ	>	0.5	=	agreement	beyond	chance.
REM, rapid eye movement.

TA B L E  3   Mean sensitivity, specificity, 
accuracy values and prevalence, and 
bias‐adjusted	kappa	coefficients	for	FBA	
compared	with	gold‐standard	PSG	for	
sleep staging analysis
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consumer.	 In	 an	 attempt	 to	 examine	whether	 updates	may	have	
impacted	our	key	validation	measures,	we	conducted	a	post	hoc	
analysis to see if these measures systematically changed across 
the	course	of	 the	study.	These	analyses	showed	FBA	sensitivity,	
specificity	 and	 accuracy	 values	 for	 sleep/wake,	 and	 for	 all	 sleep	
stages did not change systematically over the course of the study 
(correlations between outcomes measures and time all p	≥ .150).	
Thus, whatever updates and changes the manufacturer made 
during the study did not impact these critical validity measures. 
Nonetheless,	while	 the	 findings	 reported	 here	will	 likely	 remain	
relevant for this device model, and possibly other models using 
similar	inputs,	this	is	not	guaranteed.	Finally,	one	potential	limita‐
tion of translating these findings into real world settings is sleep 
windows	 were	 precisely	 known	 here,	 while	 they	 are	 often	 not	
known	outside	the	 lab.	However,	 it	 is	 important	 to	note,	as	with	
actigraphy,	the	user	can	specify	the	exact	sleep	window	with	the	
FBA,	via	the	app.	Thus,	clinicians	and	patients	with	insomnia	must	
be	careful	to	use	this	feature	to	derive	maximum	potential	benefit	
from	the	FBA.

In	summary,	findings	from	our	study	suggest	this	model	of	FBA	
may	be	used	as	a	reasonable	proxy	for	actigraphs	when	cost‐effec‐
tiveness is concerned, assuming results are replicated. This commer‐
cial	activity	tracker	also	has	benefits	over	research‐grade	actigraphs	
in that it is able to provide information about an individual's sleep 
architecture, though with appropriate caution. It should also be 
noted	 the	FBA	failed	 to	score	sleep	stages	 for	21%	of	 the	partici‐
pants	(although	there	were	no	nights	when	FBA	failed	to	at	least	re‐
cord	dichotomous	sleep/wake	data).	It	is	not	clear	why	this	occurred;	
however, it may be that some participants wore the watch loosely 
(causing	the	device	to	fail	to	detect	heart	rate).	Consumers,	clinicians	
and investigators need to be aware of this potential problem when 
using the device.

The information provided in this study should prove useful for 
both	clinicians	and	consumers	who	use	this	model	of	Fitbit	to	track	
sleep. However, users are advised to thoroughly consider the advan‐
tages	and	drawbacks	of	 these	devices,	 and	apply	 them	for	clinical	
and/or	research	purposes	with	discretion.	Finally,	it	should	be	noted	
this	report	does	not	examine	performance	of	either	device	outside	
the	laboratory	or	across	time	(Hamill	et	al.,	2019)	for	such	an	analy‐
sis.	Such	research	is	a	necessary	next	step	in	determining	the	utility	
of	consumers'	devices,	both	 in	a	clinical	context	and	to	consumers	
more broadly.
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