
	 1	

Identification	of	the	period	of	stability	in	a	balance	test	
after	stepping	up	using	a	simplified	cumulative	sum	

	
	

Doha	Safieddine1,	Aly	Chkeir1,	Cyrille	Herlem1,	Delphine	Bera2,	Michèle	
Collart3,	Jean-Luc	Novella4,	Moustapha	Dramé4,	David	J.	Hewson1,5,	

Jacques	Duchêne1	

	

	
1.		 University	of	Technology	of	Troyes	(UTT),	Troyes,	France.		

2.	 Les	Arcades	Prevention	Centre,	Troyes,	France	

3.	 Troyes	Hospital	Centre,	Troyes,	France	

4.	 Reims	University	Hospital,	Reims,	France	

5.	 University	of	Bedfordshire,	Luton,	United	Kingdom	

	
Keywords:	Fall	risk,	stabilisation,	balance,	change	detection,	cumulative	
sum	

	
Address	for	correspondence:	

	

Professor	David	Hewson	

University	of	Bedfordshire	

University	Square	

Luton	LU1	3JU	

Bedfordshire	

United	Kingdom	

	

Tel:	0044	7525	616645	

Email:	david.hewson@beds.ac.uk	

	



	 2	

Abstract	1	

Falls	are	a	major	cause	of	death	in	older	people.	One	method	used	to	predict	falls	is	2	

analysis	 of	 Centre	 of	 Pressure	 (CoP)	 displacement,	 which	 provides	 a	 measure	 of	3	

balance	quality.	The	Balance	Quality	Tester	(BQT)	is	a	device	based	on	a	commercial	4	

bathroom	scale	that	calculates	instantaneous	values	of	vertical	ground	reaction	force	5	

(Fz)	as	well	as	the	CoP	in	both	anteroposterior	(AP)	and	mediolateral	(ML)	directions.	6	

The	 entire	 testing	 process	 needs	 to	 take	 no	 longer	 than	 12s	 to	 ensure	 subject	7	

compliance,	making	 it	 vital	 that	 calculations	 related	 to	balance	are	only	 calculated	8	

for	the	period	when	the	subject	is	static.	In	the	present	study,	a	method	is	presented	9	

to	 detect	 the	 stabilization	 period	 after	 a	 subject	 has	 stepped	 onto	 the	 BQT.	 Four	10	

different	 phases	 of	 the	 test	 are	 identified	 (stepping-on,	 stabilization,	 balancing,	11	

stepping-off),	ensuring	that	subjects	are	static	when	parameters	from	the	balancing	12	

phase	are	calculated.	The	method,	based	on	a	simplified	cumulative	sum	(CUSUM)	13	

algorithm,	 could	 detect	 the	 change	between	unstable	 and	 stable	 stance.	 The	 time	14	

taken	 to	 stabilise	 significantly	 affected	 the	 static	 balance	 variables	 of	 surface	 area	15	

and	trajectory	velocity,	and	was	also	related	to	Timed-up-and-Go	performance.	Such	16	

a	 finding	 suggests	 that	 the	 time	 to	 stabilise	 could	 be	 a	 worthwhile	 parameter	 to	17	

explore	as	a	potential	indicator	of	balance	problems	and	fall	risk	in	older	people.	18	

	 	19	
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1. Introduction	20	

The	European	population	has	been	predicted	to	age	over	the	coming	decades,	with	21	

an	estimated	30%	of	 the	population	aged	over	65	 years	by	2050.	 The	 increase	 for	22	

people	 aged	 over	 80	 years	 for	 the	 same	 time	 period	 is	 even	more	 rapid,	 rising	 to	23	

almost	 11%	 of	 the	 European	 population	 [1].	 Although	 such	 figures	 are	 positive	 in	24	

terms	 of	 a	 greater	 life	 expectancy,	 living	 longer	 also	 increases	 the	 risk	 of	 many	25	

diseases,	which	in	turn	leads	to	increased	healthcare	costs	for	the	older	population.	26	

In	addition	to	the	increased	incidence	of	chronic	pathologies	associated	with	ageing,	27	

older	people	are	also	at	risk	of	falls	[2-6].	The	number	of	fallers	has	been	estimated	28	

at	30%	for	people	aged	over	65	years,	rising	to	50%	for	those	aged	over	80	years		[7].	29	

The	large	number	of	fallers	has	an	impact	on	medical	costs	as	well	as	a	social	impact,	30	

due	to	the	increased	frailty	and	vulnerability	of	fallers.	31	

On	 the	 positive	 side,	 multi-factorial	 intervention	 programs	 have	 been	 shown	 to	32	

reduce	 fall	 risk	 [8].	 However,	 such	 programs	 can	 only	 be	 implemented	 in	 a	 cost-33	

effective	 manner	 if	 the	 most	 at-risk	 individuals	 can	 be	 identified.	 This	 could	 be	34	

achieved	 by	 detecting	 specific	 fall-risk	 factors,	 such	 as	 muscle	 weakness,	 gait	35	

impairment,	or	underlying	balance	problems.	36	

In	 respect	 to	 the	 clinical	 evaluation	 of	 balance,	 a	 number	 of	 tests	 are	 frequently	37	

used,	 such	as	 the	Tinetti	 test	 [5,	9],	 the	Timed	Get	Up	and	Go	 (TUG)	 test	 [10],	 the	38	

Berg	Balance	Scale	[11,	12],	and	the	One-Leg	Stance	(OLS)	test	[13].	Although	these	39	

tests	are	easy	to	implement	and	do	not	require	high-level	technology,	they	are	more	40	

suited	to	use	in	a	clinical	setting,	as	they	generally	require	the	presence	of	a	trained	41	

evaluator.	Both	the	TUG	and	OLS	could	be	used	in	remote	monitoring,	however	an	42	

additional	person	would	be	required	to	start	and	stop	the	timing	device	used.	Such	a	43	

restriction	makes	these	tests	expensive	to	perform	regularly,	while	the	time	between	44	

successive	examinations	might	be	 too	 long	 to	detect	any	degradation	before	a	 fall	45	

occurs.	 Another	 drawback	 of	 most	 of	 those	 clinical	 tests	 is	 that	 they	 produce	 an	46	

indirect	measure	of	balance	quality,	or	sometimes	even	a	binary	result	of	“at	risk”	or	47	

“not	 at	 risk”	 (see	 for	 instance	 the	 “Stop	Walking	When	 Talking”	 test	 [14]).	 These	48	

tests	 also	 have	 a	 ceiling	 effect,	with	many	 subjects	 producing	 the	maximum	 score	49	

when	tested,	making	them	less	discriminatory	than	other	tests.		50	
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One	 alternative	 to	 clinical	 tests	 of	 balance	 is	 to	 use	 laboratory-based	measures	 of	51	

balance	such	as	 those	 that	use	 force	plates	 to	assess	balance	quality	based	on	 the	52	

displacement	of	the	Centre	of	Pressure	(CoP)	[15].	Such	tests	produce	a	multitude	of	53	

parameters	that	are	related	to	underlying	pathologies,	and	can	also	identify	balance	54	

problems	 [16-18].	 Many	 devices	 are	 available	 to	 assess	 postural	 sway,	 including	55	

commercial	 force	 plates	 that	 automatically	 process	 CoP	 data	 and	 produce	 a	 wide	56	

range	 of	 related	 parameters.	 However,	 force	 plates	 are	 too	 expensive	 to	 be	57	

implemented	 as	 part	 of	 a	 large-scale	 prevention	 protocol.	 One	 solution	 is	 the	58	

Balance	 Quality	 Tester	 (BQT),	 which	 was	 developed	 as	 a	 low-cost	 balance	59	

assessment	 tool	 based	 on	 a	 commercial	 bathroom	 scale	 [19].	 The	 BQT	 provides	60	

instantaneous	measurement	of	vertical	ground	reaction	force	(Fz),	and	can	estimate	61	

the	 position	 of	 the	 CoP	 (SBP)	 in	 both	 anteroposterior	 (AP)	 and	mediolateral	 (ML)	62	

directions.	The	BQT	was	compared	to	a	 force	plate,	with	high	 levels	of	validity	and	63	

agreement	observed	between	the	two	devices	[20].	The	absolute	differences	in	the	64	

mean	 values	 of	 the	 two	 parameters	 studied	 for	 the	 BQT	 and	 a	 force	 plate	 were	65	

0.28%	for	the	surface	area	of	CoP	displacement	and	0.62%	for	the	mean	velocity	of	66	

the	 CoP	 displacement	 trajectory,	with	 lower	 values	 for	 the	 BQT.	 Both	 devices	 had	67	

similar	 test-retest	 reliability,	 as	 assessed	 using	 interclass	 correlation	 coefficients	68	

(ICC),	 with	 0.80	 and	 0.83	 for	 the	 BQT	 and	 0.80	 and	 0.73	 for	 the	 force	 plate,	 for	69	

surface	area	and	trajectory	velocity,	respectively.	70	

The	BQT	has	wireless	communication	capability,	and	also	provides	users	with	 their	71	

weight,	which	is	one	the	Fried	criteria	for	physical	frailty	[21].	In	the	first	version	of	72	

the	BQT,	 five	variables	were	computed	[19].	These	were	the	delay	before	stepping	73	

onto	the	BQT,	the	velocity	of	weight	transfer	onto	the	BQT,	the	surface	area	of	CoP	74	

displacement,	 the	 mean	 velocity	 of	 the	 CoP	 displacement	 trajectory,	 and	 the	75	

coefficient	of	variation	(CV)	of	the	Fz	signal	during	the	stabilization	phase,	which	was	76	

arbitrarily	defined	as	a	2-second	period	after	stepping	onto	the	device.	77	

An	empirical	 score	of	balance	was	 then	deduced	using	 four	of	 these	 five	variables,	78	

depending	 on	 the	 experimental	 protocol.	 In	 the	 absence	 of	 an	 evaluator,	 the	 first	79	

four	 variables	 were	 used,	 however,	 if	 an	 evaluator	 was	 present,	 the	 delay	 before	80	
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stepping-on	 was	 replaced	 by	 the	 CV,	 as	 the	 delay	 is	 heavily	 influenced	 by	 the	81	

evaluator’s	presence.	82	

One	 of	 the	 advantages	 of	 the	 BQT	 is	 the	 relatively	 short	 time	 in	 which	 the	 static	83	

balance	period	(SBP)	is	calculated.	This	12-second	duration	was	chosen	after	a	usage	84	

analysis	 in	 the	 ActivAgeing	 Living	 Lab	 (unpublished	 data).	 Testing	 durations	 longer	85	

than	12	seconds	decreased	the	adherence	of	subjects	with	respect	to	daily	use	of	the	86	

device.	In	addition,	an	SBP	of	10	seconds	was	shown	to	be	more	reliable	than	shorter	87	

durations	of	5	and	2.5	seconds	[22].	The	12-second	duration	included	the	time	taken	88	

to	stabilize	once	on	the	device	(2	seconds),	followed	by	10	seconds	for	static	balance	89	

assessment.	However,	although	such	a	short	testing	protocol	 is	preferable	 in	terms	90	

of	 subject	 compliance,	 it	 is	possible	 that	 some	 subjects	might	not	be	 stable	at	 the	91	

end	of	the	2-second	period	before	the	SBP	is	calculated.	It	is	necessary,	therefore,	to	92	

determine	the	exact	period	when	subjects	are	stable	in	order	in	be	certain	that	CoP	93	

parameters	are	relevant.	 In	addition,	the	time	taken	to	reach	stabilization	could	be	94	

used	as	an	additional	variable	related	to	balance	quality.		95	

The	 aim	 of	 the	 present	 paper	 is	 to	 evaluate	 the	 accuracy	 of	 a	 new	 method	 to	96	

estimate	 the	duration	of	 the	 stabilization	phase	 in	 a	 balance	 test,	with	 the	 cut-off	97	

point	 then	 used	 to	 select	 the	 period	 when	 static	 balance	 can	 be	 analysed.	 The	98	

hypothesis	 to	 be	 tested	 is	 that	 the	 CUSUM	method	 will	 provide	 a	more	 accurate	99	

estimation	of	the	SBP	than	the	use	of	an	arbitrary	2-second	window.	A	comparison	100	

will	be	made	between	 the	parameters	 calculated	using	 the	new	segmentation	and	101	

those	obtained	using	the	empirical	segmentation	from	previous	studies	[19,	20,	23].	102	

	103	

2. Methodology	104	

2.1	 Subjects	and	protocol	105	

One	 hundred	 and	 seventy-five	 older	 subjects	 were	 recruited,	 with	 their	106	

characteristics	 shown	 in	 Table	 I.	 Ethical	 approval	 was	 obtained	 from	 the	 regional	107	

ethics	 committee	 for	 biomedical	 research,	 and	 all	 subjects	 gave	 written	 informed	108	

consent	 (CPPRB	 2019-A00146-39).	 No	 subjects	 reported	 any	 musculoskeletal	 or	109	

neurological	 symptoms	 that	would	 have	 prevented	 them	 from	participating	 in	 the	110	

study.	 Each	 subject	 was	 evaluated	 once	 using	 a	 similar	 protocol	 to	 that	 used	 in	111	
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previous	studies	[19].	The	only	difference	was	that	an	improved	version	of	the	BQT	112	

was	used,	with	a	sample	frequency	of	100Hz	rather	than	the	16Hz	frequency	of	the	113	

previous	 model.	 The	 new	 version	 also	 provided	 the	 exact	 time	 when	 a	 subject’s	114	

weight	was	displayed	on	the	BQT	screen.	115	

2.2	 Data	acquisition	116	

The	 device	 is	 based	 on	 a	 commercial	 bathroom	 scale	 that	 is	 equipped	 with	 four	117	

pressure	sensors	that	provide	ground	reaction	force	at	each	of	their	locations	(Fig.1)	118	

(see	[19]	for	more	details).	The	scale	was	adapted	to	provide	access	to	the	raw	data	119	

produced	 by	 the	 sensors,	 and	 to	 operate	 using	 a	 simple	 experimental	 protocol	120	

designed	for	self-measurement	at	home.	Subjects	started	by	standing	in	front	of	the	121	

BQT	 to	 activate	 an	 infrared	 (IR)	 sensor	 that	 detected	 the	 presence	 of	 the	 person.	122	

Activation	of	 the	 IR	sensor	 turned	the	BQT	on	and	“0.0”	was	displayed,	which	was	123	

the	signal	for	the	subject	to	step	onto	the	BQT.	The	subject	then	remained	standing	124	

as	 still	 as	 possible	 until	 body	 weight	 was	 displayed,	 which	 took	 12s.	 Once	 their	125	

weight	had	been	displayed,	subjects	stepped	off	the	BQT.	126	

The	 instantaneous	 position	 of	 the	 CoP	was	 defined	 as	 the	 barycentre	 of	 the	 four	127	

vertical	 ground	 reaction	 forces	measured	 by	 the	 sensors,	which	were	 not	 filtered.	128	

Measurements	 of	 displacement	 AP	 and	 ML	 were	 also	 calculated	 using	 the	 same	129	

method.	Vertical	ground	reaction	force	Fz	was	taken	as	the	sum	of	the	four	ground	130	

reaction	forces	measured	by	the	individual	sensors	(Fig.1).	131	

2.3	 Signal	segmentation	132	

In	a	previous	version	of	the	device,	the	exact	time	when	weight	was	displayed	was	133	

not	provided.	This	meant	that	it	was	difficult	to	determine	when	the	SBP	ended	and	134	

the	 preparation	 for	 stepping	 off	 began.	 The	 end	 of	 the	 SBP	 was	 estimated	 as	135	

occurring	 two	 seconds	 before	 the	 moment	 when	 Fz	 dropped	 below	 90%	 of	 a	136	

subject’s	 body	 weight.	 The	 same	 method	 was	 used	 to	 estimate	 when	 the	 SBP	137	

started.	This	estimation	could	have	resulted	 in	a	 loss	of	part	of	 the	relevant	signal,	138	

something	 that	 could	 be	 critical	 for	 a	 total	 recording	 time	 of	 12s.	 Furthermore,	 it	139	

could	have	resulted	in	the	inclusion	of	part	of	the	stabilization	phase	within	the	SBP,	140	

thus	inducing	a	bias	in	the	estimation	of	the	SBP	variables.	Finally,	the	variable	used	141	
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to	 reflect	 the	 stabilization	 phase	 itself,	 the	 coefficient	 of	 variation,	 was	 only	142	

calculated	for	the	first	two	seconds	after	Fz	exceeded	90%	of	body	weight	during	the	143	

stepping	up	phase.	144	

Given	 that	 the	 new	 version	 of	 the	 BQT	 provides	 the	 time	 when	 the	 weight	 is	145	

displayed,	 it	 is	 possible	 to	 define	 a	 new	 segmentation	 algorithm	 based	 on	 three	146	

assumptions	(Fig.	2).	Firstly,	it	was	assumed	that	the	stabilization	phase	starts	when	147	

Fz	 exceeds	 the	person’s	weight	 for	 the	 first	 time	 (tp).	 Secondly,	 that	 the	 SBP	 ends	148	

when	the	person’s	weight	is	displayed	(tw),	and	finally	that	the	statistical	features	of	149	

the	 stabilization	 phase	 will	 differ	 from	 those	 of	 the	 SBP.	 Based	 on	 the	 third	150	

assumption,	 the	starting	point	of	 the	SBP	was	defined	as	 the	 time	when	there	 is	a	151	

statistical	change	in	Fz.		152	

Two	methods	could	be	used	 to	detect	a	 statistical	 change	 in	Fz.	 Firstly,	 a	different	153	

distribution	 function	 could	 be	 detected	 before	 and	 after	 the	 change	 time,	 or	154	

secondly,	a	modification	in	the	value	of	a	parameter	of	the	distribution,	such	as	the	155	

variance	 could	 be	 detected.	 One	 algorithm	 that	 has	 been	 shown	 to	 detect	 such	156	

statistical	changes	is	the	Cumulative	Sum	(CUSUM)	(see	[24]	for	a	review	of	different	157	

methods).	The	CUSUM	algorithm	is	based	on	the	following	hypothesis:	158	

Let	 ( )nxxxX ,...,, 21 	be	 a	 time	 series	 that	 includes	 a	 possible	 change	 in	 the	 vector	 of	159	

parameters	q	of	its	probability	density	function	fq	at	a	time	k.	The	hypothesis	test	is	160	

then:		161	

niforH ££= 1,: 00 qq 	 (1)	162	
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The	 main	 detection	 algorithms	 are	 based	 on	 the	 sum	 of	 the	 logarithm	 of	 the	165	

likelihood	 ratio,	 which	 has	 been	 demonstrated	 as	 an	 appropriate	 statistic	 in	166	

detection	theory	[24]:	167	
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In	 the	case	of	an	 independent	Gaussian	sequence	with	zero	mean	and	a	change	 in	169	

variance,	each	term	of	S	can	be	expressed	as:	 170	
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In	the	present	work,	it	is	known	that	there	should	be	a	change	in	the	signal	between	172	

the	 stabilization	 phase	 and	 the	 SBP,	meaning	 the	 problem	 is	 twofold.	 Firstly,	 is	 it	173	

possible	to	detect	the	change,	given	that	the	parameters	of	the	probability	density	174	

function	are	not	a	priori	known	and	have	to	be	estimated?	Secondly,	if	the	change	is	175	

detectable,	can	the	time	position	tk	of	the	change	be	computed?	176	

When	both	feet	are	steady	on	the	scale,	it	was	assumed	that	the	only	parameter	to	177	

change	 would	 be	 the	 variance,	 s2.	 Given	 that	 s1	 and	 s0	 are	 unknown,	 both	178	

parameters	 need	 to	 be	 estimated	 at	 the	 beginning	 (stabilization)	 and	 at	 the	 end	179	

(SBP)	of	the	sequence,	respectively.	The	estimation	of	the	variance	s0	at	the	end	of	180	

the	 SBP	 just	 before	 weight	 is	 displayed	 can	 be	 considered	 as	 valid	 due	 to	 the	181	

stationarity	 of	 this	 zone.	 However,	 the	 estimate s1	 at	 the	 beginning	 of	 the	 time	182	

series	is	debatable	as	the	time	to	become	stable	could	be	very	short,	while	the	signal	183	

is	unlikely	to	be	stationary.	Nevertheless,	despite	these	 limitations,	s1	and	s0	were	184	

estimated	for	the	2-s	intervals	following	tp	and	prior	to	tw,	respectively	(Fig.	2,	lower	185	

trace).	An	argument	for	the	validity	of	such	an	approach	is	provided	in	the	discussion	186	

section.	187	

Another	difficulty	is	that	successive	samples	are	probably	not	independent	given	the	188	

sampling	 frequency	 of	 100Hz	 (N=200),	 thus	 leading	 to	 an	 erroneous	 confidence	189	

interval.	 A	 simple	 empirical	 method	 to	 produce	 an	 independent	 time	 series	 is	 to	190	

under-sample	the	original	series,	with	the	rate	of	under-sampling	defined	from	the	191	

autocorrelation	function.	Following	the	hypotheses	stated	above,	the	first	step	was	192	

to	 verify	 that	 estimates	 of	 s1	 and	 s0	 agreed	 with	 the	 hypothesis	 01 ss > .	 This	193	

hypothesis	was	tested	using	Fisher’s	distribution:	194	
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If	this	test	holds	true,	it	follows	that	a	change	occurs	at	some	point	within	the	time	196	

series,	hence	reducing	the	CUSUM	problem	to	the	determination	of	the	change	time	197	

tk.	The	change	time	tk	is	detected	based	on	the	behaviour	of	the	log-likelihood	ratio	198	

Sj,	 which	 has	 a	 negative	 slope	 before	 the	 change	 time	 tk	 and	 a	 positive	 slope	199	

thereafter.	Accordingly,	the	detection	function	at	a	time	j	was	calculated	as:	200	

1
minj i

j
i j

g S S
£ £

= -
	 (6)	201	

The	 CUSUM	 algorithm	 was	 applied	 in	 the	 reverse	 direction,	 starting	 from	 the	202	

moment	 that	 weight	 was	 displayed,	 then	 going	 back	 to	 the	 starting	 point	 of	 the	203	

stabilization	phase	(Fig.	2).	This	method	was	possible,	as	change	detection	was	made	204	

off-line,	 while	 it	 was	 assumed	 that	 the	 SBP	 phase	 was	 stationary.	 Finally,	 it	 was	205	

assumed	 that	 there	would	 be	 only	 one	 change	 in	 the	 time	 series,	 resulting	 in	 the	206	

following	computation	for	the	detection	time	tk:	207	

{ }max : 0k jjt t g= = 	208	

2.4	 Extraction	of	variables	209	

Two	variables	were	computed	from	the	Fz	signal,	namely	the	rise	rate	(RR)	and	the	210	

duration	of	the	stabilization	segment	(ZD).	With	respect	to	the	RR,	it	was	defined	as	211	

the	 average	 slope	 between	 10%	 and	 90%	 of	 bodyweight	 during	 the	 stepping	 up	212	

phase	(Fig.	3).	This	variable	takes	account	of	any	hesitations	between	the	contact	of	213	

the	 first	 foot	onto	 the	scale	and	 the	 final	phase	of	 the	contact	of	 the	second	 foot.	214	

The	presence	of	any	inflexions	or	peaks	in	the	Fz	rising	phase	due	to	movements	of	215	

the	second	foot	would	also	increase	the	value	of	this	variable.	The	ZD	parameter	was	216	

taken	to	be	the	time	between	tp	and	tk.	217	

Two	variables	were	also	extracted	from	the	CoP	trajectory.	The	area	of	the	SBP	(SA)	218	

was	estimated	as	the	product	of	the	standard	deviation	of	CoP	displacement	in	the	219	

anteroposterior	 and	 mediolateral	 directions	 multiplied	 by	 4π,	 which	 roughly	220	

approximates	 an	 ellipse.	 Intuitively,	 this	 variable	 expresses	 the	 amount	 of	 stability	221	

during	 the	 static	 phase,	 considering	 both	 anteroposterior	 and	 mediolateral	222	

oscillations.	The	average	velocity	of	the	trajectory	(TV)	was	computed	as	the	sum	of	223	

the	 lengths	 taken	 between	 successive	 points,	 divided	 by	 the	 SBP	 duration.	 This	224	
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variable,	which	is	equivalent	to	the	CoP	path	length	in	a	fixed	time	interval,	has	been	225	

shown	to	be	a	relevant	measure	of	standing	balance	[25].		226	

From	 the	 definitions	 above,	 three	 of	 the	 variables	 are	 strongly	 influenced	 by	 the	227	

change	 time	 (tk)	 between	 stabilization	 and	 the	 SBP	 (SA,	 TV,	 ZD).	 Each	 of	 the	 four	228	

variables	 is	 subsequently	scored	empirically	 in	 the	range	 [0-4]	based	on	a	series	of	229	

thresholds	 (Table	 II).	 This	 transformation	 from	 a	 native	 value	 to	 a	 score	 has	 been	230	

detailed	 in	 [19]	 for	 three	of	 the	variables	 (RR,	SA,	TV).	 For	 the	 fourth	variable,	 ZD,	231	

score	limits	were	defined	as	the	quintiles	of	the	experimental	distribution	function.	232	

The	 validity	 of	 such	 an	 assumption	 is	 provided	 in	 the	 discussion	 section.	 Finally,	 a	233	

global	 empirical	 score	was	 computed	as	 a	 simple	 addition	of	 either	 all	 four	partial	234	

scores	or	for	a	subset	of	partial	scores.	235	

2.5	 Performance	evaluation	236	

The	 hypothesis	 behind	 the	 adoption	 of	 the	 CUSUM	 method	 is	 that	 it	 would	 be	237	

possible	 to	 separate	 the	 stabilization	 and	 static	 balance	 periods	 of	 the	 signal,	238	

something	that	is	necessary	to	use	traditional	stabilogram	parameters.	The	variance	239	

in	 each	 part	 of	 the	 signal	 was	 used	 to	 compare	 the	 performance	 of	 the	 CUSUM	240	

method	with	the	original	and	arbitrary	use	of	a	two-second	cut-off.	With	respect	to	241	

the	CUSUM	method,	the	stabilization	phase	(Sz)	was	taken	as	the	period	between	tp	242	

and	tk,	while	the	SBP	(Sb)	of	the	signal	was	taken	as	the	period	between	tk	and	tw.	For	243	

the	original	method,	Sz	was	 taken	 to	occur	between	 tp	 and	 t=2s,	while	 the	Sm	was	244	

taken	to	occur	between	t=2s	and	tw.	245	

The	variance	for	each	of	these	periods	was	calculated,	as	well	as	the	ratio	Q	between	246	

the	two	periods,	where:		247	

𝑄 = #$%&$'()	+,
#$%&$'()	+-

		248	

If	 the	 CUSUM	method	 detected	 a	 shorter	 stabilization	 than	 2s,	 QTk	 would	 be	 less	249	

than	Q2s.	 In	contrast,	when	the	CUSUM	detected	a	stabilization	 longer	than	2s,	QTk	250	

would	be	greater	than	Q2s.		251	

The	 SA	 and	TV	 variables	were	 also	 compared	with	 and	without	optimization	using	252	

the	CUSUM	algorithm.	The	performance	of	the	CUSUM	method	was	also	compared	253	
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with	 the	 results	 of	 the	 OLS	 test	 for	 balance	 and	 the	 TUG	 test	 for	 mobility.	 The	254	

stabilisation	 durations	 of	 the	 subjects	were	 used	 to	 classify	 the	 subjects	 into	 four	255	

groups,	with	each	group	containing	one	quartile	of	the	subjects	with	respect	to	their	256	

stabilisation	 duration	 (fastest	 25%,	 second	 fastest	 25%,	 third	 fastest	 25%,	 and	 the	257	

slowest	25%).		258	

Normality	was	verified	using	the	Lilliefors	test	[26],	given	that	the	application	of	the	259	

more	 commonly-used	 Kolmogorov-Smirnov	 test	 for	 normality	 assessment	 is	260	

debatable	when	the	distribution	parameters	have	to	be	estimated	from	sample	data.	261	

Data	was	displayed	as	mean	±	SD	for	normal	data	and	as	median	(16-84	percentile	262	

range)	for	non-normal	data.	A	comparison	between	methods	was	made	using	either	263	

the	 Wilcoxon	 test	 for	 non-normal	 data,	 or	 a	 t-test	 for	 normally	 distributed	 data,	264	

depending	 on	 the	 result	 of	 the	 Lilliefors	 test.	 The	 comparison	 between	 the	265	

stabilisation	 duration	 and	 the	 TUG	 was	 performed	 using	 Analysis	 of	 Variance	266	

(ANOVA)	 with	 the	 bias-corrected	 and	 accelerated	 (BCa)	 bootstrap	 method	 to	267	

produce	 unbiased	 estimates	 of	 the	 confidence	 limits	 around	 the	 mean	 [27].	 The	268	

significance	level	was	set	to	p<0.05	for	all	tests.		 	269	
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3. Results	270	

3.1	 Preliminary	tests		271	

The	 rate	 of	 under-sampling	was	 estimated	 using	 the	 auto	 correlation	 length	 in	 all	272	

175	subjects.	Based	on	these	results,	an	under-sampling	rate	of	seven	was	used	for	273	

all	subsequent	analyses.	After	under-sampling,	Fisher’s	test	was	used	to	compare	the	274	

variances	 of	 the	 2-s	 segments	 at	 the	 beginning	 (S1:	 stabilization)	 and	 the	 end	 (S0:	275	

SBP)	of	Fz	after	segmentation	(Fig.	2,	lower	trace).		276	

Significant	differences	were	observed	for	each	of	the	175	signals.	The	Lilliefors	test	277	

was	then	used	on	the	same	segments,	S1	and	S0,	to	determine	normality.	Most	of	the	278	

S0	 segments	 were	 normally	 distributed	 (90.9%),	 whereas	 almost	 none	 of	 the	 S1	279	

segments	were	normally	 distributed	 (1.1%).	A	 chi-square	 test	 showed	 a	 significant	280	

difference	 between	 the	 two	 segments	 with	 respect	 to	 the	 number	 of	 normal	281	

distributions	(p=0.000).	282	

3.2	 Signal	segmentation	283	

Two	typical	detections	of	the	change	time	are	shown	in	Fig.4	(upper	tracings).	The	Fz	284	

signals	are	plotted	backwards	from	tw	to	tp,	which	replicates	the	method	used	by	the	285	

CUSUM	algorithm.	 The	behaviour	 of	 the	 detection	 function	 g	 is	 also	 shown	 (Fig.4:	286	

lower	 tracings).	 Following	 the	 assumption	 that	 there	 is	 only	 one	 abrupt	 change	 in	287	

each	time	series,	change	time	tk	was	defined	as	 the	 last	 time	when	g	crosses	zero,	288	

thus	avoiding	the	use	of	a	threshold.	The	frequency	distribution	of	tk	for	all	subjects,	289	

which	is	shown	in	Fig.5,	has	a	median	value	of	1.86s.	This	median	was	not	found	to	290	

differ	 significantly	 from	 the	 arbitrary	 2s	 stabilization	 duration	 used	 previously	291	

(Wilcoxon	 signed-rank	 test:	 Z=-.022,	 p=0.999).	 However,	 it	 can	 be	 seen	 from	 the	292	

histogram	 that	 many	 subjects	 had	 stabilisation	 durations	 that	 differed	 markedly	293	

from	 the	 arbitrary	 2s	 cut	 off	 chosen	 previously.	 In	 total,	 65.1%	 of	 subjects	 had	 a	294	

stabilisation	duration	that	differed	from	the	2s	cut	off	by	more	than	0.5	seconds.	295	

Differences	 in	SA	and	TV	variables	between	the	two	methods	used	to	calculate	the	296	

stabilization	period	were	also	evaluated	for	differences	(DSA	and	DTV	calculated	as	297	

2s	empirical	segmentation	-	CUSUM	algorithm	segmentation).	Normality	was	verified	298	
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using	the	Lilliefors	test	(n=175,	Dcrit=0.067,	p=0.05).	Neither	of	the	two	distributions	299	

were	normally	 distributed	 (Dmax=0.078	 and	0.102	 for	DSA	 and	DTV,	 respectively).	300	

Accordingly,	 the	Wilcoxon	 signed-rank	 test	 was	 used	 for	 both	DSA	 and	DTV	 with	301	

neither	variable	differing	significantly	from	zero	(z=-.002,	p=0.999	and	z=0.1,	p=0.920	302	

for	DSA	and	DTV,	respectively).		303	

3.3	 Performance	evaluation	304	

The	 overwhelming	 majority	 of	 subjects	 had	 change	 times	 that	 differed	 markedly	305	

from	the	2-sec	value	previously	used	 in	 the	empirical	method.	With	 respect	 to	 the	306	

absolute	 magnitude	 of	 the	 differences	 between	 the	 change	 time	 and	 2	 sec,	 the	307	

median	absolute	difference	was	0.72	sec	(16-84	percentile	range	0.17-1.47	sec).	308	

This	result	is	reflected	in	the	median	change	time	observed	for	the	CUSUM	method	309	

of	1.86	sec	(16-84%	range:	1.04-3.26	sec).	The	ratio	Q	between	the	stabilisation	and	310	

static	 balance	 zones	 was	 significantly	 different	 for	 the	 two	 methods	 using	 the	311	

Wilcoxon	signed	rank	test,	with	a	median	value	of	74.5	for	QTK	compared	to	53.5	for	312	

Q2S	(p=0.000).	313	

The	differences	in	the	amount	of	variance	in	each	of	the	periods	effected	the	scores	314	

calculated	 for	 balance	 quality,	 based	 on	 the	 variables	 shown	 in	 Table	 II.	 In	 the	315	

previous	method,	 the	median	 score	was	 10	 (16-84%	 range:	 7-13),	 whereas	 in	 the	316	

CUSUM	method,	the	median	score	was	9	(16-84%	range:	6-12).	This	difference	was	317	

significantly	different	from	zero	using	the	Wilcoxon	signed	rank	test	(p=0.000).	318	

The	 results	of	 the	TUG	performance	 for	 the	 four	quartiles	of	 stabilisation	duration	319	

are	 shown	 in	 Table	 III).	 There	was	 a	 significant	 effect	 of	 the	 stabilisation	 duration	320	

with	 respect	 to	 the	 TUG	performance	 (F=5.318,	 p=0.002).	 The	performance	of	 the	321	

slowest	group	was	significantly	worse	than	for	all	other	groups,	however	there	were	322	

no	differences	between	the	three	fastest	groups	with	respect	to	TUG	performance.		323	

The	effect	of	stabilisation	duration	was	also	evaluated	for	the	two	SBP	variables,	SA	324	

and	 TV	 (Table	 IV).	 There	was	 a	 significant	 effect	 of	 the	 stabilisation	 duration	with	325	

respect	 to	 SA	 (F=5.559,	 p=0.001),	 but	 not	 for	 TV	 (F=1.662,	 p=0.177).	 The	 fastest	326	

group	to	stabilise	according	 to	 the	CUSUM	method	had	significantly	greater	values	327	
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for	SA	than	did	the	two	slowest	groups.	There	were	no	other	significant	differences	328	

between	groups	for	SA.		329	

	330	

4. Discussion	331	

The	 primary	 use	 of	 the	 BQT	 is	 for	 home-based	 assessment	 of	 balance	 quality.	 In	332	

previous	work,	the	BQT	was	as	effective	as	standard	balance	tests	 in	discriminating	333	

between	 community-dwelling	 older	 people	 and	 nursing	 home	 residents	 [23].	 To	334	

improve	usability	a	12-s	testing	duration	was	chosen,	after	discussions	with	potential	335	

users.	The	usability	of	a	short	test	duration	was	born	out	in	a	previous	study	in	which	336	

22	older	 subjects	were	 tested	on	a	near-daily	basis	 for	 at	 least	12	months	 [19].	 In	337	

addition,	 despite	 the	 short-testing	 duration,	 parameters	were	 shown	 to	 have	 high	338	

reliability,	with	intra-class	correlation	coefficients	exceeding	0.80	for	the	parameters	339	

tested	 [20].	 One	 potential	 drawback	 of	 the	 short	 testing	 duration	 is	 that	 subjects	340	

might	not	be	stable	at	the	end	of	2s	period	previously	used	to	detect	the	start	of	the	341	

static	phase	of	balance.	This	study	aimed	to	determine	when	subjects	became	stable	342	

so	that	only	static	balance	was	used	to	calculate	SBP	parameters.		343	

When	 the	 CUSUM	 method	 to	 was	 used	 to	 detect	 stability,	 there	 was	 a	 marked	344	

difference	in	the	time	taken	to	stabilise	on	the	device	compared	to	the	arbitrary	2s	345	

duration	used	previously.	Close	to	two-thirds	of	subjects	had	stabilisation	durations	346	

that	 differed	 from	 2s	 by	 more	 than	 0.5s.	 Indeed,	 many	 subjects	 took	 so	 long	 to	347	

stabilise,	 it	 is	 doubtful	whether	 any	 variables	 extracted	 from	 the	 SBP	of	 the	 signal	348	

would	be	worthwhile.	It	seems	clear	that	an	accurate	detection	of	the	SBP	is	crucial	349	

for	the	BQT	to	be	used	to	evaluate	balance.	It	seems	logical	that	those	subjects	that	350	

took	 longer	 to	 stabilise	 on	 the	 device,	might	 have	 other	 balance-related	 problems	351	

and	could	 therefore	be	worthy	of	 further	 investigation.	The	 time	 taken	 to	stabilise	352	

could	 be	 a	 worthwhile	 parameter	 to	 explore	 as	 a	 potential	 indicator	 of	 balance	353	

problems	and	fall	risk	in	older	people.	There	were	also	several	methodological	issues	354	

related	to	the	successive	steps	of	this	algorithm	that	need	to	be	addressed.	355	

4.1	 Methodological	considerations	356	
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One	of	the	hypotheses	behind	the	CUSUM	algorithm	is	the	normality	of	the	analysed	357	

signals	[24].	Normality	was	well	established	for	the	SBP,	but	not	for	the	stabilization	358	

phase.	Such	a	result	could	lead	to	degradation	in	the	CUSUM	algorithm	performance	359	

as	CUSUM	performance	for	non-normal	distributions	remains	an	open	question	[28].	360	

However,	it	has	also	been	shown	that	CUSUM	procedures	are	less	sensitive	to	non-361	

normality	 than	 other	methods	 [28,	 29],	 which	might	 explain	 the	 satisfying	 results	362	

produced	by	the	CUSUM	algorithm	in	the	present	study.	363	

The	same	limitation	applies	when	estimating	 0s 	and 1s .	Although	the	estimation	of	364	

s0	 at	 the	 end	 of	 the	 SBP	 can	 be	 considered	 as	 valid	 (stationary	 and	 normally	365	

distributed	time	series),	it	is	not	the	case	for	 1s 	in	the	2s	window	at	the	beginning	of	366	

the	stabilization	phase.	The	stabilization	phase	is	often	much	shorter,	with	a	median	367	

duration	 of	 1.7	 and	 cannot	 reasonably	 be	 considered	 as	 stationary.	 Despite	 these	368	

limitations,	 the	 2s	 window	 was	 used	 to	 estimate	 1s .	 In	 the	 case	 where	 the	369	

stabilization	phase	exceeds	2s,	it	could	be	hypothesized	that	the	time	series	used	for	370	

s	estimation	would	be	more	likely	to	be	stationary.	In	contrast,	if	stabilization	occurs	371	

quicker	 than	 2s,	 1s would	 be	 underestimated	 but	would	 still	 respect	 the	 condition	372	

01 ss > required	for	Fisher’s	test.	373	

When	the	results	of	the	study	are	considered,	it	can	be	observed	that	the	median	of	374	

the	 sample	 histogram	 of	 1.86s	 did	 not	 differ	 significantly	 from	 the	 2s	 segment	375	

duration,	which	was	the	stabilization	duration	empirically	defined	in	previous	studies	376	

[19].	However,	 the	histogram	was	skewed	towards	higher	values,	 indicating	that	 in	377	

many	cases	part	of	the	stabilization	phase	was	 included	 in	the	SBP,	thus	creating	a	378	

potential	bias	in	the	estimation	of	the	SBP	variables	SA	and	TV.		379	

4.2	 Empirical	score		380	

The	empirical	method	used	to	deduce	partial	scores	from	the	RR,	SA	and	TV	variables	381	

[19]	 was	 not	 evaluated	 in	 the	 present	 study	 as	 the	 aim	 was	 to	 identify	 any	382	

improvement	 provided	 by	 an	 optimal	 Fz	 segmentation.	 In	 respect	 to	 ZD,	 the	383	

thresholds	 for	 the	partial	 scores	of	0-4	were	empirically	defined	as	 the	quintiles	of	384	

the	 ZD	 experimental	 distribution,	 which	 was	 also	 the	 method	 used	 to	 derive	 the	385	
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partial	scores	for	the	other	variables	that	make	up	the	balance	score.	It	seems	clear	386	

that	optimizing	the	segmentation	of	the	raw	variables	 into	partial	scores	should	be	387	

the	aim	of	future	work,	although	it	should	be	kept	in	mind	the	fact	that	there	is	no	388	

“Gold	 Standard”	 as	 a	 reference	 for	 the	 optimization	 process.	 The	 same	 argument	389	

could	 be	 applied	 for	 the	 combination	 of	 the	 partial	 scores	 to	 produce	 the	 global	390	

empirical	score.		391	

The	 results	 observed	 for	 the	 two	 SBP	 variables,	 SA	 and	 TV,	 with	 respect	 to	392	

stabilisation	 duration,	 imply	 that	 the	 method	 to	 quantify	 balance	 should	 be	393	

readdressed	due	to	the	use	of	the	CUSUM	method.	In	long	duration	assessments	of	394	

static	balance,	higher	values	of	both	SA	and	TV	are	associated	with	worse	balance,	395	

whereas	in	the	present	study,	greater	values	of	SA	were	observed	for	those	subjects	396	

who	could	stabilise	themselves	more	quickly.	This	finding	could	be	due	to	the	short	397	

recording	 duration	 used,	 as	 noted	 in	 previous	 work	 [22].	 It	 seems	 clear	 that	 the	398	

balance	score	will	need	to	be	readdressed	considering	these	results.	It	would	also	be	399	

of	 interest	to	examine	other	characteristics	of	the	different	phases	of	the	protocol,	400	

especially	 the	 SBP,	 by	 taking	 into	 account,	 for	 instance,	 the	 possible	 nonlinear	401	

properties	of	the	signal	[22]	or	its	dynamic	behaviour	[30].	However,	the	extraction	402	

of	 variables	 that	 define	 nonlinear	 characteristics	 would	 be	 limited	 by	 the	 short	403	

duration	of	the	time	series	available.	404	

The	findings	of	the	present	study	that	the	time	to	stabilisation	is	strongly	related	to	405	

TUG	 performance	 offers	 many	 interesting	 perspectives.	 It	 would	 be	 worthwhile	406	

determining	 whether	 the	 ability	 to	 stabilise	 after	 a	 step	 could	 predict	 fall	 risk.	 It	407	

should	also	be	noted	that	balance	quality	is	only	one	factor	among	many	in	relation	408	

to	fall	risk.	Many	other	clinical	tests	related	to	fall	risk,	such	as	gait	velocity	[21]	or	409	

the	Timed	Up	and	Go	test	[11],	could	also	be	used.	For	instance,	in	a	recent	study,	it	410	

was	shown	that	walking	speed	correlated	well	with	frailty,	which	in	turn	is	related	to	411	

fall	risk	[31].	Further	study	is	needed	in	which	the	time	to	stabilise	is	compared	with	412	

other	tests	of	fall	risk,	preferably	in	longitudinal	studies.	413	

The	 present	 study	 has	 some	 limitations.	 Firstly,	 the	 effectiveness	 of	 the	 CUSUM	414	

method	in	detecting	the	SBP	was	only	compared	to	the	2-s	stabilization	period	used	415	
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previously.	 It	 is	 possible	 that	 other	methods	might	 also	have	produced	 acceptable	416	

results,	like	those	of	the	CUSUM.	Secondly,	the	empirical	scoring	method	was	based	417	

on	quintiles	 from	 the	experimental	distribution	 in	 the	present	 study.	Results	 could	418	

have	differed	if	a	different	population	was	used	for	the	experiment.	Finally,	none	of	419	

the	 four	 parameters	 included	 in	 the	 balance	 score	 address	 potential	 issues	 of	 the	420	

non-linearity	of	the	balance,	meaning	that	additional	work	is	required	in	this	area.		421	

	422	

5. Conclusion	423	

In	 the	 present	 study,	 a	 segmentation	 algorithm	 was	 applied	 to	 vertical	 ground	424	

reaction	 forces	obtained	 from	a	modified	bathroom	scale.	 The	algorithm	produces	425	

segments	corresponding	to	different	phases	of	the	weighing	protocol	 (stepping	up,	426	

stabilization,	SBP).	The	effect	of	this	segmentation	was	investigated	in	respect	to	the	427	

relevance	of	 the	extracted	variables	when	compared	 to	an	empirical	 segmentation	428	

used	 previously.	 The	 new	 algorithm	 could	 identify	 when	 subjects	 were	 able	 to	429	

stabilise	themselves	on	the	bathroom	scale,	with	many	subjects	being	unable	to	do	430	

so	within	the	12s	currently	used	by	the	device	for	its	testing	protocol.	The	time	taken	431	

to	stabilise	changed	the	way	in	which	the	balance	score	needs	to	be	calculated,	and	432	

was	 associated	 with	 TUG	 performance.	 The	 parameter	 could	 be	 worthwhile	433	

exploring	as	a	potential	indicator	of	balance	problems	and	fall	risk	in	older	people.	434	

	435	
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8. Figure	and	Table	Captions	529	

Fig	1.	The	modified	bathroom	scale	530	

Fig.2.	 Segmentation	 of	 the	 Fz	 signal.	 Upper	 trace:	 Detection	 of	 the	 start	 of	531	

stabilization	(tp)	and	the	end	of	the	SBP	(tw).	Lower	trace:	Detection	algorithm	for	the	532	

stabilization	phase.	533	

Fig.3.	Calculation	of	the	rising	rate	parameter.	534	

Fig.	4.	An	example	of	two	typical	segmentation	results:	Fz	plotted	from	tw	to	tp	with	535	

the	corresponding	g	function.	The	solid	vertical	line	represents	the	change	time.	The	536	

dashed	line	indicates	2s	from	tp	[19].	537	

Fig.5.	Frequency	distribution	of	change	detection	time	tk.	Vertical	dashed	and	dotted	538	

lines	 represent	 the	 median	 value	 and	 the	 arbitrary	 2s	 stabilization	 duration,	539	

respectively.	540	

Table	I:	Population	characteristics	541	

Table	II:	Thresholds	for	scoring	the	variables	in	the	balance	quality	score	542	

Table	III:	The	effect	of	stabilisation	duration	on	Timed-Up-and-Go	performance	543	

Table	IIV:	The	effect	of	stabilisation	duration	on	static	balance	parameters	544	

	 	545	



	 21	

Table	1	546	
	547	

	 #	 Age	(y)	 Height	(m)	 Weight	(kg)	
Women	 105	 78.8	±	5.6	 1.57	±	0.07	 66.1	±	12.7	
Men	 70	 78.2	±	5.2	 1.71	±	0.06	 79.7	±	11.6	

Data	are	means	±	SD	548	
	549	
	550	
Table	2	551	

Score	
value	

Rising	rate		
(RR,	kg.s-1)	

Stabilization	
duration	(ZD,	s)	

Stabilogram	area	
(SA,	cm2)	

Trajectory	
velocity	(TV,	cm.s-1)	

0	 <60	 ≥2.7	 ≥12	 ≥5	
1	 60,<80	 2,	<2.7	 8,	<12	 4,	<5	
2	 80,	<100	 1.45,	<2	 5,	<8	 2.5,	<4	
3	 100,	<120	 0.9,	<1.45	 3,	<5	 2,	<2.5	
4	 ≥120	 <0.9	 <3	 <2	

	552	
	553	
Table	3	554	

	 Timed-Up-and-Go	(s)	

Fastest	25%	 10.4	(9.6	–	11.4)	
Second	fastest	25%	 10.6	(9.5	–	11.8)	
Third	fastest	25%	 11.0	(10.3	–	11.9)	
Slowest	25%	 13.5	(12.0	–	15.2)	
Data	are	bootstrapped	means	and	95%	confidence	intervals	555	
	556	
	557	
Table	4	558	

	 Stabilogram	Surface	Area,	SA	(cm2)	 Trajectory	Velocity,	TV	(cm.s-1	)	
Fastest	25%	 7.2	(5.7	–	9.1)	 3.4	(3.0	–	3.8)	
Second	fastest	25%	 5.8	(4.9	–	7.0)	 3.0	(2.7	–	3.4)	

Third	fastest	25%	 4.2	(3.6	–	5.0)	 2.9	(2.7	–	3.2)	
Slowest	25%	 4.2	(3.4	–	5.0)	 2.8	(2.5	–	3.3)	

Data	are	bootstrapped	means	and	95%	confidence	intervals	559	
	560	
	561	
	 	562	
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Figure	1	563	
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Figure	2	567	
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Figure	3	570	
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Figure	4	575	
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Figure	5	579	
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