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Abstract	
(for	dissemination)	

This	deliverable	describes	the	main	results	of	the	validation	activities	
performed	in	WP5	of	the	predictive	models	developed	for	the	personalised	
rehabilitation	and	reintegration	stages	from	WP4.	The	efforts	were	focused	
using	different	datasets	than	those	used	for	the	derivation	models	of	the	four	
main	clinical	use	cases.	The	followed	approach	was	initially	described	in	D5.4.	
Therefore,	two	use	cases	were	validated	in	the	context	of	cognitive	and	
motor	inpatient	rehabilitation	and	the	other	two	on	social	risk	and	
community	integration	trajectories	of	community-dwelling	stroke	survivors.	
These	four	validation	cohorts	showed	reliable	predictions	both	when	
considering	unadjusted	models	and	also	when	adjusted	using	previously	
reported	confounders.	Such	models	therefore	could	reliably	support	clinical	
professionals	at	developing	and	deploying	personalised	rehabilitation	and	
reintegration	programs.	This	document	is	structured	in	4	core	chapters,	each	
one	presenting	the	validation	activities	and	results	for	each	of	the	main	
developed	models:	cognitive	rehabilitation	(Chapter	2),	motor	rehabilitation	
(Chapter	3),	community	integration	social	risk	(Chapter	4)	and	community	
integration	long	term	trajectories	(Chapter	5).		
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Executive	Summary	
	

This	 deliverable	 describes	 the	 validation	 (using	 different	 datasets)	 of	 the	 predictive	 models	
developed	for	the	personalised	rehabilitation	and	reintegration	stages	from	WP4.	The	efforts	were	
focused	on	the	four	main	clinical	use	cases,	(using	the	approach	described	in	D5.4)	two	of	them	in	
the	 context	 of	 cognitive	 and	motor	 inpatient	 rehabilitation	 and	 the	 other	 two	 on	 social	 risk	 and	
community	 integration	 trajectories	 of	 community-dwelling	 stroke	 survivors.	 These	 four	 validation	
cohorts	 showed	 reliable	 predictions	 that	 could	 help	 clinicians	 at	 developing	 personalised	
rehabilitation	and	reintegration	programs.		

Specifically,	when	addressing	cognitive	inpatient	rehabilitation,	two	models	were	trained	to	predict:	
the	 cognitive	 improvement	 after	 therapy,	 and	 therapy	 compliance.	 Predictions	were	 accompanied	
by	 complementary	 reports	 to	 contextualise	 this	 information	 and	 allow	 clinicians	 to	 evaluate	 the	
inner	workings	of	the	model.	Performance	results	showed	a	drop	in	performance	when	the	models	
were	 tested	 against	 the	 validation	 cohort.	 However,	 re-trained	 versions	 of	 both	models	 reported	
similar,	 and	 for	 some	 cases,	 better	 results	 when	 compared	 to	 the	 models	 presented	 in	 D4.8.	 A	
comparison	of	the	features’	impact	showed	how	certain	variables	(e.g.,	admission	compliance)	had	a	
strong	influence	across	base,	validation	and	re-trained	models.	

In	 relation	 to	 motor	 inpatient	 rehabilitation	 the	 validation	 cohort	 clearly	 confirmed	 the	 results	
obtained	with	 the	 derivation	 cohort,	 both	when	 considering	 all	 33	 individual	 FMA-UE	 items	 using	
unadjusted	 models	 and	 when	 considering	 the	 top	 3	 items	 with	 adjusted	 models.	 Besides,	 as	
presented	in	Annex	I	the	total	number	of	included	participants	(287	in	the	derivation	cohort	+	109	in	
the	validation	cohort)	is	clearly	larger	than	most	of	FMA-UE	predictive	models	presented	in	previous	
research.	

When	 addressing	 social	 risk,	 results	 confirm	 the	 utility	 of	 the	 models	 in	 the	 real-world	 clinical	
scenario,	as	well	as	the	contribution	of	not	only	the	EVSF	predictors,	such	as	SocialSupport,	but	also	
LengthofStay,	highlighting	that	social	risk	is	a	complex	and	multifactorial	phenomenon	that	can	vary	
significantly	for	patients	over	the	course	of	stroke	rehabilitation	and	reintegration.	

Finally,	 in	 relation	 to	 Community	 Integration	 trajectories	 the	 features	 describing	 the	 three	 classes	
identified	using	the	derivation	cohort	were	confirmed	with	the	validation	cohort.	Individuals	in	Class	
2	were	 the	 youngest,	with	 the	 lowest	NIHSS,	 the	 lowest	 proportion	 of	 hypertension,	 aphasia,	 the	
shorter	 LOS,	 the	 largest	 proportion	 of	 high	 educational	 level.	 Similarly	 as	 presented	 in	 D4.9	
participants	 in	 Class	 3	 present	 intermediate	 demographic	 and	 clinical	 results	 when	 compared	 to	
Class	2	and	Class	1.	Participants	 in	Class	1	clearly	 show	the	 lower	 levels	of	Community	 Integration	
with	highest	functional	dependence	at	rehabilitation	discharge.	
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1 Introduction	
Within	PRECISE4Q,	Work	Package	4	(WP4)	covers	the	development	of	predictive	models	building	on	
the	outcomes	from	previous	deliverables	and	other	WP	efforts.	For	 instance,	the	set	of	clinical	use	
cases	for	each	stroke	phase	is	presented	in	D1.3	and	then	updated	in	D4.1.	These	two	deliverables	
summarise	the	most	relevant	scenarios	and	use	cases	where	the	resulting	predictive	models	can	be	
deployed.	In	D4.2,	the	target	outputs	for	such	predictive	models	are	presented.	These	output	targets	
guided	 the	development	of	 each	predictive	model.	 Then,	 in	D4.3,	 relevant	 factors	 associated	with	
each	model	and	 the	 features	derived	 from	them	are	presented.	Such	 features	 represent	 the	 input	
for	the	predictive	models	developed	throughout	WP4.	Finally,	modelling	approaches	applied	in	this	
project	 in	 the	 prevention	 and	 acute	 phases	 are	 presented	 in	 D4.4,	 cognitive	 and	motor	 inpatient	
rehabilitation	models	are	presented	in	D4.8	meanwhile	reintegration	models	are	presented	in	D4.9.	

The	validation	activities	of	such	models	were	also	considered	for	a	validation	study,	first	described	in	
D5.4	and	to	be	reported	in	the	deliverable	D5.5.	This	document	is	structured	in	4	core	chapters,	each	
one	presenting	the	validation	activities	and	results	for	each	of	the	main	developed	models:	cognitive	
rehabilitation	 (Chapter	 2),	 motor	 rehabilitation	 (Chapter	 3),	 community	 integration	 social	 risk	
(Chapter	4)	and	community	integration	long	term	trajectories	(Chapter	5).	

.	
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2 Cognitive	Rehabilitation		

2.1 Introduction	and	Background	
For	 the	 cognitive	 rehabilitation	domain,	D4.8	 presented	 two	ML	models	 targeting	 two	 clinical	 use	
cases.	 The	 first	 use	 case	 targeted	 the	 cognitive	 deficit	 reduction	 of	 patients	 after	 completing	 the	
corresponding	therapy	program.	Meanwhile,	the	second	use	case	covered	the	prediction	of	the	level	
of	 compliance	 during	 a	 patient’s	 therapy.	 Both	 models	 utilised	 three	 types	 of	 variables	 as	 input	
features:	 demographic	 variables,	 cognitive	 assessments,	 and	 therapy	 records.	 The	 models	 were	
trained	 to	 solve	 a	 binary	 classification	 problem	 using	 the	 Extreme	 Gradient	 Boosting	 (XGBoost)	
algorithm.	 In	 addition	 to	 standard	 classification	 metrics	 (e.g.,	 Recall,	 F1,	 Precision	 and	 AUC),	 a	
feature	impact	analysis	was	conducted	to	analyse	and	understand	the	models’	performance	and	its	
inner	 decision	 process.	 The	 implementation	 of	 these	 two	 models	 followed	 the	 architecture	
presented	in	Figure	1.	As	it	was	reported	in	D4.8,	the	output	schema	utilised	for	these	two	models	
seeks	 to	 provide	 clinicians	with	 contextualised	 predictions	 to	 help	 them	make	 informed	 decisions	
during	patients’	cognitive	rehabilitation	process.		

	

	

Figure	1	.Diagram	for	the	Cognitive	Rehabilitation	Models	

	

For	 the	 first	 cognitive	 model,	 the	 overall	 cognitive	 status	 after	 therapy	 was	 represented	 by	 the	
global	improvement	 variable.	 This	 variable	 was	 derived	 from	 the	 sum	 of	 cognitive	 improvement	
marks	across	all	 cognitive	assessments	at	admission	and	discharge	divided	by	 the	 total	number	of	
assessments.	 This	 variable	 was	 adapted	 to	 fit	 a	 binary	 classification	 problem	 using	 the	 following	
threshold:	Class	0,	global	improvement	<=0;	Class	1,	global	 improvement	>0.	The	optimised	version	
of	the	model	reported	Recall	scores	of	0.71	and	F1	scores	of	0.61,	showing	the	ability	of	the	model	to	
identify	‘at	risk’	patients	belonging	to	the	Class	0	(poor	cognitive	improvement).	The	impact	feature	
analysis	 showed	 that	 time	since	 injury	 was	 the	 most	 influential	 feature	 for	 predicting	 a	 patient’s	
cognitive	 improvement.	 The	 admission	 compliance,	 determined	 by	 the	 number	 of	 assessments	 a	
patient	 is	 able	 to	 complete	 at	 admission,	was	 the	 second	most	 important	 feature	 for	 this	model.	
Standardised	 cognitive	 assessments	 like	 TMT-A	 (attention),	 Cubes	 (visual-construction),	 and	
Ravlt	learning	(memory)	had	also	a	strong	impact	for	the	cognitive	improvement	prediction.	Finally,	
therapy	variables	 like	memory	and	orientation	task	proportion	contribute	to	the	final	prediction	of	
the	model.	

For	 the	 second	 cognitive	 model,	 the	 therapy	 compliance	 of	 a	 patient	 was	 determined	 by	 the	
non-executed	proportion	variable.	This	variable	was	generated	by	aggregating	the	number	of	therapy	
tasks	with	performance	scores	of	0.	This	variable	seeks	to	report	the	proportion	of	therapy	tasks	that	
a	patients	wasn’t	able	to	complete,	thus,	reflecting	its	therapy	compliance.	Similarly	to	the	cognitive	
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improvement	 model,	 this	 variable	 was	 adapted	 to	 fit	 a	 binary	 classification	 problem	 using	 a	
threshold	defined	as:	Class	0,	non-executed	proportion	<=0.1,	Class	1,	non-executed	proportion	>0.1.	
Performance	 metrics	 reported	 Recall	 scores	 of	 0.67	 and	 F1	 scores	 of	 0.69.	 The	 impact	 feature	
analysis	reported	that	the	visual-construction	assessment	Cubes	was	the	most	determining	feature	
for	 predicting	 the	 therapy	 compliance.	 As	 observed	 in	 the	 cognitive	 improvement	 model,	 the	
admission	 compliance	was	 reported	 as	 being	 the	 second	most	 influential	 feature	 for	 the	model’s	
prediction.	 The	 visual-perception	 assessment	 Image	 was	 also	 reported	 as	 having	 an	 important	
influence	 on	 the	model’s	 prediction.	 Finally,	 demographic	 variables	 like	age	and	educational	 level	
were	also	identified	as	strong	feature	predictors.	

Despite	relying	on	specific	clinical	settings	to	build	some	of	the	predictor	and	target	variables	(e.g.,	
global	improvement,	 non-executed	proportion,	 admission	 compliance),	 the	 approach	 utilised	 to	
generate	 these	 features	 is	 simple	 enough	 to	 be	 adapted	 over	 similar	 computerized	 settings.	
Moreover,	 the	 feature	 importance	analysis	demonstrated	 that	 some	of	 the	hand-crafted	 variables	
had	 a	 strong	 contribution	 to	 the	 model’s	 final	 prediction	 (e.g.,	 memory	 and	 orientation	 task	
proportion).	 In	addition,	 it	was	observed	how	the	trained	models	replicated	some	of	the	clinicians’	
reasoning	 process	 regarding	 certain	 variables	 (e.g.,	 importance	 of	 time	 since	 injury	 for	 cognitive	
improvement).	Following	the	project’s	plan	of	activities,	a	validation	of	 the	cognitive	rehabilitation	
models	 presented	 in	 D4.8	 is	 reported	 in	 this	 section.	 For	 this	 validation,	 unseen	 data	 from	 the	
Guttmann	Rehab	Centre	 is	used	 to	 test	 the	 trained	models.	 In	addition,	 the	models	are	 re-trained	
using	 this	 new	 data.	 The	 performance	 across	 the	 D4.8	 trained	models,	 the	 validation	 and	 the	 re-
trained	version	of	the	models	is	analysed.	

	

2.2 Validation	activities		

Validation	Patient	Cohort	
For	the	validation	of	the	models,	 input	data	was	gathered	from	the	electronic	health	records	from	
the	Guttmann	Rehabilitation	Centre	(Barcelona,	Spain).	Following	the	procedure	described	in	D4.8,	
variables	were	organised	as	demographic,	cognitive	assessments,	cognitive	 indicators,	and	therapy	
variables	 (see	 Table	 1	 from	 D4.8).	 These	 records	 were	 collected	 at	 the	 Guttmann	 Rehabilitation	
Centre	 from	October	 2019	 through	 July	 2022.	 Prior	 applying	 the	 eligibility	 criteria,	 a	 total	 of	 791	
registries	containing	demographic	and	cognitive	variables	were	gathered	from	the	bateria1	records;	
meanwhile,	143811	registries	containing	the	patient’s	therapy	performance	were	collected	from	the	
GNPT2	platform.	

The	 inclusion	criteria,	also	applied	over	the	training	dataset	cohort,	 followed	5	main	conditions:	1)	
being	admitted	at	 the	rehabilitation	centre	during	the	 first	six	months	since	the	stroke	episode;	2)	
having	 therapy	 performance	 records	 in	 the	 GNPT;	 3)	 having	 a	 maximum	 therapy	 duration	 of	 six	
months,	4)	having	a	minimum	therapy	duration	of	14	days,	and	5)	having	completed	both	admission	
and	discharge	 cognitive	 assessments.	 For	 the	 validation	 cohort,	 the	 fifth	 inclusion	 criteria,	 applied	
over	the	training	cohort,	was	not	considered	due	to	the	low	number	of	registries	resulting	from	it	(25	
registries).	 The	 application	 of	 these	 four	 conditions	 resulted	 in	 225	 merged	 registries	 containing	
demographic,	 cognitive,	 and	 therapy	 variables.	 For	 the	 validation	 cohort,	 imputation	 techniques	
were	utilised	to	deal	with	missing	values.	Table	1	below	shows	the	validation	cohort	information	of	
the	total	225	patients’	registries.	

																																																													
1
	Standardised	cognitive	assessments	administrated	within	Guttmann	Institut	
2	Guttmann’s	Neuro	Personal	Trainer	for	treatment	systematization	
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Table	1.	Validation	cohort	information	including	demographics,	cognitive	and	therapy	variables.	CI:	Cognitive	
Improvement,	TC:	Therapy	Compliance,	c:	categorical	variable,	d:	derived	variable	through	data	aggregation,	
a/d:	administrated	at	admission	and	discharge,	TB:	Test	Barcelona,	TMT:	Trail	Making	Test,	WAIS-III:	Wechsler	
Adult	Intelligence	Scale	3rd	version,	RAVLT:	Rey	Auditory	Verbal	Learning	Test,	WCST:	Wisconsin	Card	Sorting,	
NIHSS:	 National	 Institutes	 of	 Health	 Stroke	 Scale,	 FIM:	 Functional	 Independence	 Measure,	 mRS:	 modified	
Ranking	Scale,	BI:	Barthel	Index,	bateria:	battery	assessment	records,	gnpt:	Guttmann	Neuro	Personal	Trainer	
records,	r:	electronic	records.	

		 CI>=0.5	 CI<0.5	 CI	 TC>=0.1	 TC<0.1	 TC	
		 (N=43)	 (N=182)	 (N=225)	 (N=153)	 (N=72)	 (N=225)	

Age	
	      Mean	(SD)	 49.3	(11.3)	 52.8	(11.5)	 52.1	(11.5)	 50.1	(11.1)	 56.4	(11.2)	 52.1	(11.5)	

Median	[Min,	Max]	 49.4	[19.7,78.9]	 54.2	[19.8,86.6]	 53.8	[19.7,86.6]	 52.5	[19.7,80.6]	 56.1	[34,86.6]	 53.8	[19.7,86.6]	
Time	since	injury	in	days	

	      Mean	(SD)	 71.63	(39.46)	 67.79	(41.22)	 68.52	(40.83)	 68.86	(40.98)	 67.81	(40.79)	 68.52	(40.83)	
Median	[Min,	Max]	 70	[16,171]	 57	[13,176]	 58	[13,176]	 60	[13,170]	 55.5	[13,176]	 58	[13,176]	

Sex	(c)	
	      Male	 26	(60.46%)	 127	(69.78%)	 153	(68%)	 100	(65.35%)	 53	(73.6%)	 153	(68%)	

Female	 17	(39.53%)	 55	(30.21%)	 72	(32%)	 53	(34.64%)	 19	(26.4%)	 72	(32%)	
Marital	status	(c)	

	      Married	 26	(60.46%)	 109	(59.89%)	 135	(60%)	 84	(54.9%)	 51	(70.83%)	 135	(60%)	
Single	 10	(23.25%)	 38	(20.87%)	 48	(21.33%)	 37	(24.18%)	 11	(15.27%)	 48	(21.33%)	

Divorce	 4	(9.3%)	 18	(9.89%)	 22	(9.77%)	 17	(11.11%)	 5	(6.94%)	 22	(9.77%)	
Separate	 2	(4.65%)	 13	(7.14%)	 15	(6.66%)	 10	(3.26%)	 5	(6.94%)	 15	(6.66%)	
Widowed	 1	(2.32%)	 4	(2.19%)	 5	(2.22%)	 5	(3.26%)	 -	 5	(2.22%)	

Education	level	(c)	
	      Illiterate	 -	 1	(0.54%)	 1	(0.44%)	

	
1	(1.38%)	 1	(0.44%)	

Read	&	write	 -	 5	(2.74%)	 5	(2.22%)	
	

3	(4.16%)	 5	(2.22%)	
Elementary	school	 12	(27.9%)	 59	(32.41%)	 71	(31.55%)	

	
29	(40.27%)	 71	(31.55%)	

High	school	 21	(48.83%)	 78	(42.85%)	 99	(44%)	
	

23	(31.94%)	 99	(44%)	
Superior	 10	(23.25%)	 39	(21.42%)	 49	(21.77%)	

	
16	(22.22%)	 49	(21.77%)	

NIHSS	 		 		 		 		 		 		
Mean	(SD)	 13.58	(5.5)	 13.36	(5.15)	 13.4	(5.21)	 13.47	(5.5)	 13.25	(4.57)	 13.4	(5.21)	

Median	[Min,	Max]	 14	[4,25]	 13	[2,25]	 13	[2,25]	 13	[2,25]	 13	[5,24]	 13	[2,25]	
Cognitive	FIM	

	      Mean	(SD)	 -	
	  

24.81	(8.32)	 26.67	(6.99)	 25.4	(7.95)	
Median	[Min,	Max]	 -	

	  
27	[5,35]	 28.5	[9,35]	 27	[5,35]	

mRS	
	      Mean	(SD)	 -	

	  
3.41	(1.07)	 3.79	(0.93)	 3.53	(1.04)	

Median	[Min,	Max]	 -	
	  

4	[2,5]	 4	[2,5]	 4	[2,5]	
Barthel	Index	

	      Mean	(SD)	 -	
	  

47.16	(27.83)	 38.65	(22.31)	 44.31	(26.36)	
Median	[Min,	Max]	 -	

	  
50	[0,100]	 35	[5,90]	 45	[0,100]	

Admission	compliance	
	      Mean	(SD)	 0.47	(0.35)	 0.46	(0.28)	 0.46	(0.3)	 0.42	(0.32)	 0.55	(0.2)	 0.46	(0.3)	

Median	[Min,	Max]	 0.58	[0,1]	 0.54	[0,1]	 0.54	[0,1]	 0.46	[0,1]	 0.58	[0,1]	 0.54	[0,1]	
Global	improvement	

	      Mean	(SD)	 -0.12	(0.13)	 0.25	(0.17)	 0.18	(0.22)	 0.14	(0.2)	 0.25	(0.23)	 0.18	(0.22)	
Median	[Min,	Max]	 -0.06	[-0.44,0]	 0.25	[0.06,0.75]	 0.12	[-0.44,0.75]	 0.06	[-0.44,0.75]	 0.31	[-0.44,0.69]	 0.12	[-0.44,0.75]	

TB	Personal	Orientation	 		 		 		 		 		 		
Mean	(SD)	 6.93	(0.26)	 6.88	(0.62)	 6.89	(0.57)	 6.9	(0.62)	 6.86	(0.45)	 6.89	(0.57)	

Median	[Min,	Max]	 7	[6,7]	 7	[0,7]	 7	[0,7]	 7	[0,7]	 7	[4,7]	 7	[0,7]	
TB	Spatial	Orientation	

	      Mean	(SD)	 4.91	(0.48)	 4.84	(0.6)	 4.85	(0.58)	 4.88	(0.52)	 4.79	(0.67)	 4.85	(0.58)	
Median	[Min,	Max]	 5	[2,5]	 5	[0,5]	 5	[0,5]	 5	[0,5]	 5	[2,5]	 5	[0,5]	

TB	Temporal	Orientation	
	      Mean	(SD)	 22.4	(2.06)	 22.14	(2.68)	 22.19	(2.57)	 22.42	(2.54)	 21.69	(2.6)	 22.19	(2.57)	

Median	[Min,	Max]	 23	[13,23]	 23	[0,23]	 23	[0,23]	 23	[0,23]	 23	[11,23]	 23	[0,23]	
Digits	Span	

	      Mean	(SD)	 5.7	(0.91)	 5.76	(1.11)	 5.75	(1.07)	 5.84	(1.06)	 5.54	(1.07)	 5.75	(1.07)	
Median	[Min,	Max]	 6	[3,8]	 6	[0,9]	 6	[0,9]	 6	[0,9]	 6	[3,8]	 6	[0,9]	

TMT-A	
	      Mean	(SD)	 55.95	(26.21)	 65.29	(47.87)	 63.51	(44.65)	 59.5	(38.15)	 72.03	(55.37)	 63.51	(44.65)	

Median	[Min,	Max]	 45	[21,141]	 45	[16,325]	 45	[16,325]	 45	[16,259]	 45	[27,325]	 45	[16,325]	
TB	Language	Repetition	

	      Mean	(SD)	 9.98	(0.15)	 9.74	(1.3)	 9.78	(1.18)	 9.68	(1.42)	 10	(0)	 9.78	(1.18)	
Median	[Min,	Max]	 10	[9,10]	 10	[1,10]	 10	[1,10]	 10	[1,10]	 10	[10,10]	 10	[1,10]	

TB	Language	Denomination	
	      Mean	(SD)	 13.77	(1.15)	 13.43	(2.25)	 13.49	(2.08)	 13.41	(2.42)	 13.68	(1.07)	 13.49	(2.08)	

Median	[Min,	Max]	 14	[7,14]	 14	[1,14]	 14	[1,14]	 14	[1,14]	 14	[7,14]	 14	[1,14]	
TB	Language	Comprehension	

	      Mean	(SD)	 15.91	(0.37)	 14.97	(2.75)	 15.15	(2.5)	 15.12	(2.82)	 15.21	(1.64)	 15.15	(2.5)	
Median	[Min,	Max]	 16	[14,16]	 16	[1,16]	 16	[1,16]	 16	[1,16]	 16	[8,16]	 16	[1,16]	

Digit	Span	Backwards	WAIS-III	
	      Mean	(SD)	 3.91	(0.78)	 3.91	(0.89)	 3.91	(0.87)	 4.06	(0.87)	 3.6	(0.78)	 3.91	(0.87)	

Median	[Min,	Max]	 4	[3,7]	 4	[2,7]	 4	[2,7]	 4	[2,7]	 4	[2,5]	 4	[2,7]	
Numbers	and	Leters	WAIS-III	

	      Mean	(SD)	 6.51	(1.97)	 6.26	(1.51)	 6.31	(1.6)	 6.4	(1.52)	 6.11	(1.76)	 6.31	(1.6)	
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Median	[Min,	Max]	 6	[3,14]	 6	[1,12]	 6	[1,14]	 6	[3,14]	 6	[1,11]	 6	[1,14]	
RAVLT	Learning	

	      Mean	(SD)	 40.12	(8.4)	 37.75	(9.51)	 38.2	(9.34)	 39.29	(8.98)	 35.89	(9.73)	 38.2	(9.34)	
Median	[Min,	Max]	 42	[11,58]	 42	[11,63]	 42	[11,63]	 42	[11,63]	 36.5	[14,55]	 42	[11,63]	

RAVLT	Free	Recall	
	      Mean	(SD)	 12.86	(3.08)	 11.7	(4.48)	 11.92	(4.27)	 12.44	(3.95)	 10.82	(4.72)	 11.92	(4.27)	

Median	[Min,	Max]	 15	[2,15]	 14	[0,15]	 14	[0,15]	 15	[0,15]	 12.5	[0,15]	 14	[0,15]	
RAVLT	Recognition	

	      Mean	(SD)	 6.12	(3.2)	 5.93	(3.16)	 5.96	(3.16)	 5.9	(3.19)	 6.1	(3.11)	 5.96	(3.16)	
Median	[Min,	Max]	 4	[2,13]	 4	[0,15]	 4	[0,15]	 4	[0,15]	 6	[0,13]	 4	[0,15]	

PMR	
	      Mean	(SD)	 30.28	(9.99)	 27.91	(9.99)	 28.36	(10.01)	 29.51	(9.46)	 25.92	(10.74)	 28.36	(10.01)	

Median	[Min,	Max]	 29	[8,69]	 29	[1,68]	 29	[1,69]	 29	[2,69]	 27	[1,56]	 29	[1,69]	
Images	WAIS-III	

	      Mean	(SD)	 19.72	(1.26)	 18.91	(2.68)	 19.07	(2.49)	 19.5	(1.61)	 18.14	(3.56)	 19.07	(2.49)	
Median	[Min,	Max]	 20	[12,20]	 20	[3,20]	 20	[3,20]	 20	[10,20]	 20	[3,20]	 20	[3,20]	

Cubes	WAIS-III	
	      Mean	(SD)	 16.58	(8.79)	 12.72	(7.34)	 13.46	(7.77)	 13.97	(8.52)	 12.38	(5.79)	 13.46	(7.77)	

Median	[Min,	Max]	 10	[10,40]	 10	[4,60]	 10	[4,60]	 10	[7,60]	 10	[4,40]	 10	[4,60]	

Daily	sessions	 		 		 		 		 		 		
Mean	(SD)	 17.56	(17.24)	 17.22	(14.39)	 17.28	(14.94)	 19.35	(16.76)	 12.9	(8.62)	 17.28	(14.94)	

Median	[Min,	Max]	 12	[1,86]	 14	[1,78]	 14	[1,86]	 14	[1,86]	 12	[1,40]	 14	[1,86]	
Length	of	therapy	

	      Mean	(SD)	 71.93	(39.32)	 72.54	(33.92)	 72.42	(34.92)	 73.52	(36.45)	 70.08	(31.55)	 72.42	(34.92)	
Median	[Min,	Max]	 74	[15,163]	 70	[16,176]	 70	[15,176]	 71	[15,176]	 66	[18,166]	 70	[15,176]	

Non	executed	proportion	
	      Mean	(SD)	 0.08	(0.08)	 0.09	(0.11)	 0.09	(0.11)	 0.03	(0.03)	 0.22	(0.1)	 0.09	(0.11)	

Median	[Min,	Max]	 0.06	[0,0.36]	 0.05	[0,0.57]	 0.05	[0,0.57]	 0.02	[0,0.1]	 0.18	[0.1,0.57]	 0.05	[0,0.57]	
Attention	task	proportion	

	      Mean	(SD)	 0.11	(0.09)	 0.15	(0.15)	 0.14	(0.14)	 -	 -	 -	
Median	[Min,	Max]	 0.11	[0,0.3]	 0.14	[0,1]	 0.14	[0,1]	 -	 -	 -	

Attention	non	executed	tasks	
	      Mean	(SD)	 1.86	(3.56)	 1.94	(4.08)	 1.92	(3.98)	 -	 -	 -	

Median	[Min,	Max]	 1	[0,17]	 0	[0,30]	 0	[0,30]	 -	 -	 -	
Attention	execution	gain	

	      Mean	(SD)	 11.83	(18.91)	 12.99	(16.67)	 12.76	(17.08)	 -	 -	 -	
Median	[Min,	Max]	 5.5	[0,91.5]	 7	[0,95]	 6.5	[0,95]	 -	 -	 -	

Memory	task	proportion	
	      Mean	(SD)	 0.4	(0.23)	 0.4	(0.24)	 0.4	(0.24)	 -	 -	 -	

Median	[Min,	Max]	 0.44	[0,1]	 0.48	[0,1]	 0.47	[0,1]	 -	 -	 -	
Memory	non	executed	tasks	

	      Mean	(SD)	 2.63	(6.68)	 4.68	(9.38)	 4.28	(8.95)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,39]	 1	[0,62]	 1	[0,62]	 -	 -	 -	

Memory	execution	gain	
	      Mean	(SD)	 38.72	(59.28)	 44.02	(59.68)	 43.01	(59.51)	 -	 -	 -	

Median	[Min,	Max]	 23.5	[0,336.5]	 23	[0,353]	 23.5	[0,353]	 -	 -	 -	
Ex.	Functions	task	proportion	

	      Mean	(SD)	 0.22	(0.15)	 0.2	(0.14)	 0.2	(0.14)	 -	 -	 -	
Median	[Min,	Max]	 0.25	[0,0.57]	 0.21	[0,0.75]	 0.22	[0,0.75]	 -	 -	 -	

Ex.	Functions	non	executed	tasks	
	      Mean	(SD)	 5.26	(6.67)	 6.37	(9.57)	 6.16	(9.09)	 -	 -	 -	

Median	[Min,	Max]	 3	[0,26]	 3	[0,65]	 3	[0,65]	 -	 -	 -	
Ex.	Functions	execution	gain	

	      Mean	(SD)	 14.91	(21.75)	 18.78	(30.08)	 18.04	(28.67)	 -	 -	 -	
Median	[Min,	Max]	 9	[0,115.5]	 8.25	[0,173.5]	 8.5	[0,173.5]	 -	 -	 -	

Language	task	proportion	
	      Mean	(SD)	 0.22	(0.36)	 0.19	(0.34)	 0.19	(0.34)	 -	 -	 -	

Median	[Min,	Max]	 0	[0,1]	 0	[0,1]	 0	[0,1]	 -	 -	 -	
Language	non	executed	tasks	

	      Mean	(SD)	 0.4	(1.24)	 0.32	(1.11)	 0.33	(1.13)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,6]	 0	[0,8]	 0	[0,8]	 -	 -	 -	

Language	execution	gain	
	      Mean	(SD)	 35.52	(118.77)	 17.93	(37.89)	 21.29	(62.07)	 -	 -	 -	

Median	[Min,	Max]	 0	[0,756]	 0	[0,166]	 0	[0,756]	 -	 -	 -	
Orientation	task	proportion	

	      Mean	(SD)	 0	(0.01)	 0	(0.01)	 0	(0.01)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,0.03]	 0	[0,0.06]	 0	[0,0.06]	 -	 -	 -	

Orientation	non	executed	tasks	
	      Mean	(SD)	 0	(0)	 0.01	(0.1)	 0.01	(0.09)	 -	 -	 -	

Median	[Min,	Max]	 0	[0,0]	 0	[0,1]	 0	[0,1]	 -	 -	 -	
Orientation	execution	gain	

	      Mean	(SD)	 0.22	(0.58)	 0.44	(0.93)	 0.4	(0.88)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,2.5]	 0	[0,6]	 0	[0,6]	 -	 -	 -	

Calculus	task	proportion	
	      Mean	(SD)	 0.03	(0.06)	 0.05	(0.07)	 0.05	(0.07)	 -	 -	 -	

Median	[Min,	Max]	 0	[0,0.25]	 0	[0,0.4]	 0	[0,0.4]	 -	 -	 -	
Calculus	non	executed	tasks	

	      Mean	(SD)	 0.3	(1.3)	 0.63	(1.78)	 0.57	(1.71)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,7]	 0	[0,13]	 0	[0,13]	 -	 -	 -	

Calculus	execution	gain	
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Mean	(SD)	 2.6	(5.1)	 5.86	(11.61)	 5.24	(10.75)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,22.5]	 0	[0,74]	 0	[0,74]	 -	 -	 -	

Gnosias	task	proportion	
	      Mean	(SD)	 0.01	(0.04)	 0.01	(0.02)	 0.01	(0.03)	 -	 -	 -	

Median	[Min,	Max]	 0	[0,0.23]	 0	[0,0.14]	 0	[0,0.23]	 -	 -	 -	
Gnosias	non	executed	tasks	

	      Mean	(SD)	 0.02	(0.15)	 0.02	(0.18)	 0.02	(0.18)	 -	 -	 -	
Median	[Min,	Max]	 0	[0,1]	 0	[0,2]	 0	[0,2]	 -	 -	 -	

Gnosias	execution	gain	
	      Mean	(SD)	 1.06	(3.08)	 1.46	(3.52)	 1.38	(3.43)	 -	 -	 -	

Median	[Min,	Max]	 0	[0,17]	 0	[0,33]	 0	[0,33]	 -	 -	 -	

	

	

Validation	Results	
The	performance	metrics	 corresponding	 to	Recall,	 F1,	 Precision,	 and	 the	Area	Under	 the	Receiver	
Operator	Characteristic	Curve	(AUC-ROC)	are	presented	in	Table	2.	The	performance	is	reported	for	
three	 instances	of	 the	 cognitive	 improvement	and	 therapy	 compliance	models:	 1)	 the	base	model	
performance	 as	 reported	 in	 D4.8,	 2)	 the	 performance	 of	 base	 model	 tested	 over	 the	 validation	
dataset,	and	3)	the	performance	of	a	re-trained	model	using	the	original	dataset	plus	the	validation	
dataset.	 For	 the	 re-trained	model,	 the	 same	modelling	 approach	 described	 in	 D4.8	 (Section	 3.2.1	
Modelling	 Approach)	 was	 applied.	 As	 commented	 before,	 in	 order	 to	 have	 a	 good	 amount	 of	
registries	 for	 validation,	missing	 values	were	 allowed	 to	 be	 later	 treated	 using	 simple	 imputation	
techniques.	The	SimpleImputer		function	from	the	sklearn	Python	3	library	was	used	to	treat	missing	
values	in	the	validation	cohort.	

Table	2.	Performance	evaluation	for	the	base	model,	validation	test,	and	retrained	models.	Re-sampling	at	k-
fold	(k=5)	cross-validation	with	5	repetitions.	CI:	Cognitive	Improvement,	TC:	Therapy	Compliance.		

Model	 F1	 Recall	 Precision	 AUC	 Params	

CI	base	 0.617	(0.09)	 0.713	(0.07)	 0.624	(0.16)	 0.517	(0.04)	 colsample_bytree:	0.6,	eta:	0.01,	

	     	gamma:	1,	min_child_weight:	5,	

	     reg_lambda:	0.5,	subsample:	0.8	

CI	test	 0.47	 0.51	 0.91	 0.51	 	

CI	re-trained	 0.688	(0.05)	 0.761	(0.03)	 0.724	(0.11)	 0.526	(0.02)	 colsample_bytree:	0.6,	eta:	0.01,	

	     gamma:	0.05,	min_child_weight:	5,	

	     reg_lambda:	0.5,	subsample:	0.8	

TC	base	 0.694	(0.04)	 0.673	(0.04)	 0.682	(0.04)	 0.621	(0.04)	 colsample_bytree:	0.8,	eta:	0.01,	

	     gamma:	0.05,	min_child_weight:	5,	

	     reg_lambda:	0.5,	subsample:	0.8	

TC	test	 0.35	 0.51	 0.55	 0.51	 	

TC	re-trained	 0.682	(0.04)	 0.694	(0.04)	 0.689	(0.04)	 0.678	(0.04)	 colsample_bytree:	0.6,	eta:	0.01,	

	     gamma:	0.05,	min_child_weight:	5,	

		 		 		 		 		 reg_lambda:	1,	subsample:	1	

	

For	 the	 Cognitive	 Improvement	model	 (CI),	 results	 showed	 a	 drop	 in	 performance	when	 the	 base	
model	 (CI	 base)	 and	 the	 validation	 test	 (CI	 test)	 are	 compared,	more	 specifically	 Recall	 (0.713	 to	
0.51)	and	F1	scores	(0.617	to	0.47).	On	the	other	hand,	a	comparison	of	the	base	model	and	the	re-
trained	version	of	the	model	reported	an	improvement	in	performance	for	Recall	(0.71	to	0.76),	F1	
(0.61	 to	 0.68)	 and	 Precision	 (0.62	 to	 0.72).	 A	 similar	 behaviour	 was	 observed	 for	 the	 Therapy	
Compliance	 model	 (TC).	 For	 this	 model,	 performance	 dropped	 when	 the	 model	 was	 tested	 over	



D5.5		

	

Precise4Q	-			D5.5	 Page	12	of	49	 31/08/2022	

	

unseen	data	from	the	validation	cohort.	This	was	observed	for	Recall	(0.67	to	0.51),	F1	(0.69	to	0.35),	
Precision	 (0.68	 to	 0.55)	 and	 AUC	 (0.62	 to	 0.51)	 metrics.	 Re-training	 the	 model	 showed	 an	
improvement	in	performance	for	Recall	(0.67	to	0.69)	and	AUC	(0.62	to	0.67).	

As	 reported	 in	 D4.8,	 a	 population	 prediction	 analysis	 was	 carried	 out	 to	 compute	 the	 absolute	
impact	 of	 each	 feature	 on	 the	 model’s	 prediction.	 The	 Python	 implementation	 of	 the	 Shapley	
Additive	 exPlanations	 (SHAP)	 method	 was	 used	 to	 compute	 the	 feature	 importance	 values	 and	
generate	bar	plots	to	depict	them.	Figure	2	and	Figure	3	show	the	feature	importance	plots	for	the	
base	 model,	 the	 validation	 test,	 and	 the	 re-trained	 model	 for	 the	 cognitive	 improvement	 and	
therapy	 compliance	 models	 respectively.	 These	 plots	 are	 organised	 according	 to	 age	 (below	 and	
above	50	years	of	age).	 	
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(a) Base	 (b) Test	 (c) Re-trained	

Figure	2.	SHAP	bar	plots	of	feature	importance	for	the	Cognitive	Improvement	Model.	Age	cohort:	>50	

.	
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(a) Base	 (b) Test	 (c) Re-trained	

Figure	3.	SHAP	bar	plots	of	feature	importance	for	the	Therapy	Compliance	Model.	Age	cohort:	>50	

	

	 	



	

Precise4Q	-			D5.5	 Page	15	of	49	 31/08/2022	

	

For	 the	 cognitive	 improvement	 model,	 the	 standardised	 assessment	 Cubes	 (visual-construction)	
remained	as	the	strongest	and	common	influential	factor	(at	different	levels)	across	the	base	model,	
the	validation	test,	and	the	retrained	model	with	slightly	different	effects	regarding	age.	Admission	
compliance	and	time	since	injury	also	showed	a	strong	influence	across	three	model	reports	with	no	
significant	 differences	 regarding	 the	 age	 of	 patients.	When	 comparing	 the	 base	 and	 the	 retrained	
models,	the	standardised	assessment	TMT-A	(memory)	was	identified	as	a	common	influential	factor,	
showing	a	similar	effect	for	both	models	with	no	difference	in	terms	of	age.	The	comparison	of	the	
validation	test	and	re-train	plots	showed	that	the	variable	Age	was	a	common	influential	factor	with	
a	stronger	effect	for	the	validation	test.	

For	 the	 therapy	 compliance	model,	 the	admission	 compliance	 was	 identified	 as	 a	 common	 strong	
influential	factor	across	the	three	feature	importance	reports.	A	stronger	effect	was	observed	for	the	
re-trained	model	with	no	differences	in	terms	of	patient’s	age.	The	standardised	assessment	Images	
(visual-perception)	 showed	 also	 a	 relative	 important	 influence	 across	 all	 reports,	 but	 with	 slightly	
lower	impact	for	the	validation	test.	When	comparing	the	base	and	re-train	models,	the	standardised	
assessment	Cubes	(visual-construction)	was	identified	as	a	common	influential	factor,	with	a	stronger	
effect	 for	 the	 base	 model.	 At	 a	 lower	 influential	 effect,	 the	 demographic	 variable	 high	 school	
(educational	level)	was	identified	as	a	common	factor	for	the	base	and	the	re-trained	models.	Finally,	
the	 comparison	 of	 the	 validation	 test	 and	 the	 re-trained	 models	 reported	 the	 variable	 Age	 as	 a	
common	 influential	 factor	with	 a	 stronger	 effect	 for	 the	 validation	 test	 and	patients	 below	 the	50	
years	of	age.	At	a	 lower	 impact	 level,	the	daily	sessions	variable	was	 identified	as	a	common	factor	
between	the	validation	test	and	re-trained	models.	

The	feature	influential	report	showed	that	some	variables	remained	as	strong	influential	features	for	
the	 three	 instances	 of	 the	model	 (base,	 test	 validation,	 re-trained).	More	 specifically,	 the	 variable	
admission	compliance	maintained	a	strong	 influence	 for	 the	three	model	 instances,	but	also	across	
the	 two	 cognitive	models	 (cognitive	 improvement	 and	 therapy	 compliance).	 As	 it	was	 reported	 in	
D4.8,	hand-crafted	variables	like	admission	compliance,	which	resulted	from	the	close	interaction	of	
clinicians	and	data-science	partners,	were	key	for	the	model’s	development.	

2.3 Conclusions		
The	trained	models	presented	 in	D4.8	were	 tested	against	a	set	of	unseen	cohort	of	patients	 from	
the	Guttmann	Rehabilitation	centre.	 In	addition,	both	models	were	 re-trained	merging	 the	original	
dataset	 and	 the	 unseen	 validation	 cohort	 following	 the	 same	modelling	 approach	 as	 presented	 in	
D4.8.	Performance	results	showed	a	drop	in	performance	when	the	models	were	tested	against	the	
validation	cohort.	However,	re-trained	versions	of	both	models	reported	similar,	and	for	some	cases,	
better	results	when	compared	to	the	models	presented	in	D4.8.	A	comparison	of	the	features’	impact	
showed	 how	 certain	 variables	 (e.g.,	 admission	 compliance)	 had	 a	 strong	 influence	 across	 base,	
validation	and	re-trained	models.	
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3 Motor	Rehabilitation	

3.1 Introduction	and	Background	
As	presented	in	D4.8	motor	rehabilitation	models	aimed	to	(1)	use	each	of	the	33	individual	FMA-UE	
items	 to	 predict	 total	 FMA-UE	 score	 at	 discharge	 of	 patients	 with	 ischemic	 stroke	 admitted	 to	
rehabilitation	 ≤	 90	 days	 since	 stroke	 onset,	 (2)	 select	 eight	 FMA-UE	 items	 (seven	 from	 the	
Scandinavian	study	plus	the	item	with	the	highest	predictive	power	from	objective	1)	and	use	each	of	
them	to	predict	mild	impairment	at	discharge	and	(3)	taking	as	starting	point	the	3	models	with	the	
highest	predictive	power	identified	in	objective	2,	adjust	them	with	previously	reported	confounders	
to	identify	the	most	relevant	predictors	of	mild	impairment	

Therefore,	the	derivation	patient	cohort,	presented	in	D4.8	included	n=287	patients	from	two	data-
sources	 (Institut	 Guttmann	 hospital	 and	 ICARE).	 In	 relation	 to	 the	 first	 one,	 from	March	 2018	 to	
December	2020	a	total	of	134	patients	with	first-ever	stroke	were	admitted	to	the	rehabilitation	unit	
of	Institut	Guttmann	hospital	and	assessed	at	admission	and	discharge	using	the	FMA-UE,	71	of	them	
with	ischemic	stroke.	After	excluding	18	with	more	than	90	days	since	stroke	onset	to	rehabilitation	
admission,	3	with	more	than	7	days	since	admission	to	assessment,	2	younger	than	18	years	old	at	
the	moment	 of	 admission,	 1	 with	 injury/condition	 prior	 to	 the	 stroke	 that	 limited	 the	 use	 of	 the	
affected	arm	and	1	with	severe	multi-impairment	or	diminished	physical	condition	prior	to	stroke;	46	
patients	were	included	in	the	study.	

The	second	data-source	involves	participants	recruited	during	inpatient	rehabilitation,	from	7	sites	in	
the	United	States	metropolitan	areas	of	Los	Angeles,	Atlanta	and	Washington	D.C	from	June	2009	to	
March	 2014.	 This	 dataset	 is	 registered	 at	 the	 ClinicalTrials.gov	 under	 the	 title	 Arm	 Rehabilitation	
Study	After	Stroke	(ICARE)		with	NCT	identifier	00871715.	The	ICARE	investigators	tested	3	different	
arm	therapy	interventions:	Accelerated	Skill	Acquisition	Program	(ASAP),	Behavioral:	Dose-Equivalent	
Usual	&	Customary	Care	(DEUCC)	and	Behavioral:	Usual	and	Customary	Care	(UCC).		

The	 ICARE	 dataset	 was	 provided	 by	 the	 National	 Institute	 of	 Neurological	 Disorders	 and	 Stroke	
(NINDS).	 In	 supplementary	material	we	 present	 the	 protocol	 for	 accessing	NINDS	 data	 and	NINDS	
Data	Request	Form.	

The	ICARE	dataset	included	361	recruited	between	5	and	106	days	post-stroke	[27],	288	of	them	with	
ischemic	 stroke,	 after	 excluding	 39	 with	 more	 than	 90	 days	 since	 stroke	 onset	 to	 rehabilitation	
admission	and	2	younger	than	18	years	old	at	the	moment	of	admission,	 leaves	241	patients	to	be	
included	in	the	study.		

Therefore,	the	total	number	of	included	patients	for	model	derivation	was	287.	

	

3.2 Validation	activities		

Validation	patient	cohort	

From	January	2021	to	July	2022	a	total	of	114	patients	with	first-ever	ischemic	stroke	were	admitted	
to	the	rehabilitation	unit	of	Institut	Guttmann	hospital	and	assessed	at	admission	and	discharge	using	
the	FMA-UE.	After	excluding	5	with	more	than	90	days	since	stroke	onset	to	rehabilitation	admission;	
109	patients	were	included	in	the	validation	study.	

In	this	work	we	applied	the	same	stratification	of	patients	as	in	D4.8	using	FMA-UE	at	discharge:	48-
66	 for	mild	 impairment	 and	 ≤	 47	 for	 severe	 and	moderately-severe	 impairment.	 Table	 3	 presents	
patients’	characteristics	at	admission,	for	each	group.		
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Table	3.	Clinical	and	demographic	characteristics	for	all	(n=109)	validation	patients	stratified	in	two	

groups	(Severe-moderately	severe	and	Mild	)	according	to	their	FMA-UA	at	rehabilitation	discharge		

		

<	48	

Severe-	

moderately-severe	

	(n=61)	

≥	48		

Mild	

	

(n=48)	

TOTAL	

(n=109)	
p	

Male,	n(%)	 40	(65.6)	 30	(62.5)	 70	(64.2)	 0.740	

Age	at	 admission,	median	 (Q1-

Q3)	
57	(50-	65)	 53	(45-	59)	 56	(48-	62)	 0.017	

Younger	than	65	years,	n(%)	 45	(73.8)	 41	(85.4)	 86	(78.9)	 0.139	

NIHSS	 at	 admission,	

median(Q1-Q3)	
10	(8-	13)	 9	(6-	10)	 9	(8-	13)	 0.048	

NIHSS	categorization,	n(%)	 	 	 	

0.372	
Mild	 9	(14.8)	 12	(25.0)	 21	(19.3)	

Moderately	severe	 40	(65.6)	 29	(60.4)	 69	(63.3)	

Severe	 12	(19.7)	 7	(14.6)	 19	(17.4)	

Affected	side	(Left),	n(%)	 42	(68.9%)	 18	(37.5%)	 60	(55.0%)	 0.001	

Dominance	(Right),	n(%)	 61	(100.0%)	 45	(93.8%)	 106	(97.2%)	 0.048	

Aphasia,	n(%)	 14	(23.0%)	 10	(20.8%)	 24	(22.0%)	 0.791	

Smoking	 habits	 (at	 admission),	

n(%)	
14	(23.0%)	 13	(27.1%)	 27	(24.8%)	 0.620	

COGNITVE-FIM	at	admission	 27	(20-	31)	 26	(19-	32)	 27	(19-	32)	 0.809	

MOTOR-FIM	at	admission	 36	(30-	52)	 42	(33-	61)	 41	(31-	55)	 0.191	

TOTAL-FIM	at	admission	 67	(49-	84)	 70	(53-	86)	 68	(49-	85)	 0.316	

Days	 since	 injury	 to	admission,	
median	(Q1-Q3)	

77	(49-	104)	 44	(33-	86)	 66	(41-	96)	 0.002	

FMA-UE	 at	 admission,	 median	

(Q1-Q3)	
21	(6-	34)	 46	(42-	51)	 37	(12-	46)	 <	0.001	

FMA-UE	 at	 discharge,	 median	

(Q1-Q3)	
27	(8-	43)	 58	(53-	62)	 45	(23-	57)	 <	0.001	

LOS,	days,	median	(Q1-Q3)	 96	(54-	130)	 120	(58-	132)	 114	(54-	131)	 0.199	

Living	arrangement,	n(%)	 	 	 	

0.920	
Alone	 6	(9.8%)	 5	(10.4%)	 11	(10.1%)	

With	a	spouse,	other	relative	or	
friend	

55	(90.2%)	 43	(89.6%)	 98	(89.9%)	

FMA-UE:	 Fugl-Meyer	 Assessment	 –	 Upper	 Extremity;	 LOS:	 length	 of	 stay	 in	 rehabilitation;	 NIHSS:	
National	Institutes	of	Health	Stroke	Scale;	FIM:	Functional	Independence	Measure;	
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Validation	Results	

	To	address	the	first	validation	objective	we	used	as	candidate	predictors	all	33	items	from	FMA-UE	
protocol	to	predict	total	FMA-UE	score	at	rehabilitation	discharge.	Each	item	is	presented	in	Table	4	
as	used	 in	D4.8.	 Items	superscripted	with	an	*	were	those	most	commonly	used	 in	previous	upper	
limb	research.	

	

Table	4.	The	33-individual	items	that	constitute	the	FMA-UE	

A.	UPPER	
EXTREMITY	

I.	Reflex	activity	 	

Flexors:	biceps	and	finger	flexors	(at	least	one)	 FM_BICEP	

Extensors:	triceps	 FM_TRICEP	

Subtotal	I	(max	4)	 	

II.	Volitional	movement	within	synergies,	without	gravitational	help	 	

Flexor	synergy	–	Shoulder	-	retraction	 FM_FS_RET	

Flexor	synergy	–	Shoulder	-	elevation	 FM_FS_ELV	

Flexor	synergy	–	Shoulder	-	abduction	(90°)	 FM_FS_ABD*	

Flexor	synergy	–	Shoulder	–	external	rotation		 FM_FS_EXT	

Flexor	synergy	–	Elbow	–	flexion	 FM_FS_ELF	

Flexor	synergy	–	Forearm	–	supination	 FM_FS_SUP	

Extensor	synergy	–	Shoulder	-	adduction/internal	rotation	 FM_ES_SHAD	

Extensor	synergy	–	Elbow	-	extension	 FM_ES_EXT*	

Extensor	synergy	–	Forearm	-	pronation	 FM_ES_FPR	

Subtotal	II	(max	18)	 	

III.	Volitional	movement	mixing	synergies,	without	compensation	 	

Hand	to	lumbar	spine	 FM_MS_HAND	

Shoulder	flexion	0°-	90°	 FM_MS_SHF	

Pronation-supination	 FM_MS_PSUP*	

Subtotal	III	(max	6)	 	

IV.	Volitional	movement	with	little	or	no	synergy	 	

Shoulder	abduction	0	-	90°	 FM_MOS_SAB	

Shoulder	flexion	90°	-	180°	 FM_MOS_SFL	

Pronation/supination	 FM_MOS_PRO	

Subtotal	IV	(max	6)	 	

V.	Normal	reflex	activity	 	

Biceps,	triceps,finger	flexors	 FM_NR	

Subtotal	V	(max	2)	 	

Total	A	(max	36)	 	
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B.	WRIST	

Stability	at	15°	dorsiflexion	(Elbow	at	90°,	Shoulder	at	0°)	 FM_W_SE9*	

Repeated	dorsifexion	/	volar	flexion	(Elbow	at	90°,	Shoulder	at	0°)	 FM_W_FE9	

Stability	at	15°	dorsiflexion	(Elbow	at	0°,	Shoulder	at	30°)	 FM_W_SE3	

Repeated	dorsifexion	/	volar	flexion	 FM_W_FE3	

Circumduction	 FM_W_CIR	

Total	B	(max	10)	 	

C.	HAND	

Finger	Mass	flexion	 FM_H_FMF	

Finger	Mass	extension	 FM_H_FME*	

Hook	grasp	 FM_H_GRASP1	

Thumb	adduction	 FM_H_GRASP2	

Pincer	grasp,	opposition	 FM_H_GRASP3*	

Cylinder	grasp	 FM_H_GRASP4*	

Spherical	grasp	 FM_H_GRASP5	

Total	C	(max	14)	 	

D.	
COORDINA
TION/SPEE

D	

Tremor	 FM_CS_TRE	

Dysmetria	 FM_CS_DYS	

Time	 FM_CS_SPE	

Total	D	(max	6)	 	

	

Table	5	and	6	present	the	results	obtained	using	the	validation	cohort,	for	each	item	from	subscale	A	
(Table	 5)	 and	 for	 subscales	 B,	 C	 and	 D	 (Table	 6),	 the	 obtained	 coefficients	 (95%CI),	 level	 of	
significance	and	adjusted	R2	

Figure	4	 (top)	 ranks	all	33	FMA-UE	 items	obtained	using	 the	derivation	cohort	visually	 showing	 for	
each	 of	 them	 the	 obtained	 adjusted	 R2,	 highest	 values	 are	 shown	 to	 the	 right	 of	 the	 Figure.	
Therefore,	 the	 overall	 top	 predictor	 was	 finger	 mass	 extension	 (FM_H_FME*)	 followed	 by	 finger	
mass	flexion	(FM_H_FMF).	

Figure	4	(bottom)	ranks	all	33	FMA-UE	items	obtained	using	the	validation	cohort	visually	showing	for	
each	of	them	the	obtained	adjusted	R2,	using	the	same	order	as	presented	for	the	derivation	cohort.	

We	fitted	a	linear	regression	model	to	all	items	in	Figure	4	bottom,	in	order	to	confirm	that	the	left	to	
right	 increasing	 order	 obtained	 using	 the	 derivation	 cohort	 was	 kept	 when	 using	 the	 validation	
cohort.	
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Table	5.	Predictive	models	for	FMA-UE	score	at	discharge	for	each	candidate	predictor	item	(FMA	–	

subscale	A).	Linear	regression	models	

Item	 Category	 n	 Coefficient	(95%	CI)	 p	 Adjusted	R2	

FM_BICEP	
0:none	 6	(5.5%)	 	 	

0.4	
2:elicited	 103	(94.5%)	 0.5	(-3.5;	4.6)	 0.801	

FM_TRICEP	
0:none	 16	(14.7%)	 	 	

0.3	
2:elicited	 93	(85.3%)	 4.1	(-6.7;15.8)	 0.453	

FM_FS_RET	

0:	none	 28	(25.7%)	 	 	

33.7	1:partial	 47	(43.1%)	 20.5(12.6;28.3)	 <0.001	

2:	full	 34	(31.2%)	 31.6(23.2;40.0)	 <0.001	

FM_FS_ELV	

0:	none	 27	(24.8%)	 	 	

51.1	1:partial	 40	(36.7%)	 28.8(21.8;35.8)	 <0.001	

2:	full	 42	(38.5%)	 36.7(29.8;43.7)	 <0.001	

FM_FS_ABD*	

0:	none	 25	(22.9%)	 	 	

51.7	1:partial	 43	(39.4%)	 28.6(21.5;35.6)	 <0.001	

2:	full	 41	(37.6%)	 38.4(31.3;45.5)	 <0.001	

FM_FS_EXT	

0:	none	 38	(34.9%)	 	 	

56.6	1:partial	 39	(35.8%)	 29.3(23.2;35.3)	 <0.001	

2:	full	 32	(29.4%)	 34.9(28.5;41.3)	 <0.001	

FM_FS_ELF	

0:	none	 22	(20.2%)	 	 	

49.4	1:partial	 23	(21.1%)	 23.7(15.1;32.2)	 <0.001	

2:	full	 64	(58.7%)	 36.8(29.8;43.9)	 <0.001	

FM_FS_SUP	

0:	none	 35	(32.1%)	 	 	

53.6	1:partial	 53	(48.6%)	 27.9(21.9;33.9)	 <0.001	

2:	full	 21	(19.3%)	 38.3(30.7;45.9)	 <0.001	

FM_ES_SHAD	

0:	none	 28	(25.7%)	 	 	

64.8	1:partial	 34	(31.2%)	 28.4(22.3;34.5)	 <0.001	

2:	full	 47	(43.1%)	 40.6(34.9;46.3)	 <0.001	

FM_ES_EXT*	

0:	none	 30	(27.5%)	 	 	

83.5	1:partial	 40	(36.7%)	 32.3(28.3;36.2)	 <0.001	

2:	full	 39	(35.8%)	 46.4(42.4;50.3)	 <0.001	

FM_ES_FPR	

0:	none	 34	(31.2%)	 	 	

66.8	1:partial	 34	(31.2%)	 28.2(22.6;33.8)	 <0.001	

2:	full	 41	(37.6%)	 39.5(34.1;44.9)	 <0.001	

FM_MS_HAND	 0:	none	 34	(31.2%)	 	 	 67.5	
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1:partial	 51	(46.8%)	 32.4(27.3;37.5)	 <0.001	

2:	full	 24	(22.0%)	 41.3(35.1;47.4)	 <0.001	

FM_MS_SHF	

0:	none	 49	(45.0%)	 	 	

57.1	1:partial	 31	(28.4%)	 27.7(21.6;33.7)	 <0.001	

2:	full	 29	(26.6%)	 33.7(27.5;39.9)	 <0.001	

FM_MS_PSUP*	

0:	none	 35	(32.1%)	 	 	

59.5	1:partial	 49	(45.0%)	 29.9(24.2;35.6)	 <0.001	

2:	full	 25	(22.9%)	 38.6(31.9;45.3)	 <0.001	

FM_MOS_SAB	

0:	none	 44	(40.4%)	 	 	

46.1	1:partial	 38	(34.9%)	 23.0(16.4;29.5)	 <0.001	

2:	full	 27	(24.8%)	 33.1(25.8;40.3)	 <0.001	

FM_MOS_SFL	

0:	none	 65	(59.6%)	 	 	

45.2	1:partial	 35	(32.1%)	 25.6(19.4;31.9)	 <0.001	

2:	full	 9	(8.3%)	 35.1(24.5;45.7)	 <0.001	

FM_MOS_PRO	

0:	none	 53	(48.6%)	 	 	

49.5	1:partial	 41	(37.6%)	 26.0(20.1;32.0)	 <0.001	

2:	full	 15	(13.8%)	 34.3(25.9;42.7)	 <0.001	

FM_NR	

0:	none	 105	(96.3%)	 	 	

1.9	1:partial	 1	(0.9%)	 5.1(-35.0;45.1)	 0.804	

2:	full	 3	(2.8%)	 24.1(0.6;47.4)	 0.044	

	

	

Table	6.	Predictive	models	for	FMA-UE	score	at	discharge	for	each	candidate	predictor	item	(FMA	–	

subscales	B,	C,	D).	Linear	regression	models.	

Item	 Category	 n	 Coefficient	(95%CI)	 p	 Adjusted	R2	

FM_W_SE9*	

0:	none	 41	(37.6%)	 	 	

59.1	1:partial	 48	(44.0%)	 30.6(25.1;36.1)	 <0.001	

2:	full	 20	(18.3%)	 35.5(28.5;42.6)	 <0.001	

FM_W_FE9	

0:	none	 36	(33.0%)	 	 	

55.5	1:partial	 52	(47.7%)	 30.2(24.4;36.0)	 <0.001	

2:	full	 21	(19.3%)	 36.2(28.8;43.6)	 <0.001	

FM_W_SE3	

0:	none	 47	(43.1%)	 	 	

52.3	1:partial	 48	(44.0%)	 27.7(22.0;33.5)	 <0.001	

2:	full	 14	(12.8%)	 35.1(26.6;43.6)	 <0.001	

FM_W_FE3	 0:	none	 46	(42.2%)	 	 	 43.6	
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1:partial	 50	(45.9%)	 25.3(19.1;31.4)	 <0.001	

2:	full	 13	(11.9%)	 33.2(23.7;42.8)	 <0.001	

FM_W_CIR	

0:	none	 36	(33.0%)	 	 	

59.5	1:partial	 69	(63.3%)	 33.0(27.7;38.2)	 <0.001	

2:	full	 4	(3.7%)	 39.1(25.6;52.6)	 <0.001	

FM_H_FMF	

0:	none	 28	(25.7%)	 	 	

58.5	1:partial	 36	(33.0%)	 28.4(21.9;34.9)	 <0.001	

2:	full	 45	(41.3%)	 38.8(32.5;45.0)	 <0.001	

FM_H_FME*	

0:	none	 28	(25.7%)	 	 	

63.9	1:partial	 37	(33.9%)	 33.0(26.9;39.0)	 <0.001	

2:	full	 44	(40.4%)	 39.7(33.8;45.5)	 <0.001	

FM_H_GRASP1	

0:	none	 45	(41.3%)	 	 	

41.1	1:partial	 33	(30.3%)	 22.8(15.7;29.9)	 <0.001	

2:	full	 31	(28.4%)	 29.7(22.5;36.9)	 <0.001	

FM_H_GRASP2	

0:	none	 34	(31.2%)	 	 	

65.5	1:partial	 54	(49.5%)	 32.4(27.2;37.6)	 <0.001	

2:	full	 21	(19.3%)	 41.0(34.5;47.6)	 <0.001	

FM_H_GRASP3*	

0:	none	 46	(42.2%)	 	 	

44.8	1:partial	 42	(38.5%)	 27.7(21.4;34.1)	 <0.001	

2:	full	 21	(19.3%)	 27.6(19.7;35.5)	 <0.001	

FM_H_GRASP4*	

0:	none	 41	(37.6%)	 	 	

55.2	1:partial	 25	(22.9%)	 27.4(20.6;34.3)	 <0.001	

2:	full	 43	(39.4%)	 33.0(27.1;38.9)	 <0.001	

FM_H_GRASP5	

0:	none	 38	(34.9%)	 	 	

58.5	1:partial	 33	(30.3%)	 28.6(22.4;34.7)	 <0.001	

2:	full	 38	(34.9%)	 35.3(29.3;41.3)	 <0.001	

FM_CS_TRE	

0:	none	 36	(33.0%)	 	 	

56.6	1:partial	 25	(22.9%)	 34.9(28.0;41.8)	 <0.001	

2:	full	 48	(44.0%)	 31.2(25.3;37.0)	 <0.001	

FM_CS_DYS	

0:	none	 39	(35.8%)	 	 	

52.0	1:partial	 28	(25.7%)	 30.0(23.1;37.0)	 <0.001	

2:	full	 42	(38.5%)	 31.1(24.9;37.3)	 <0.001	

FM_CS_SPE	

0:	none	 61	(56.0%)	 	 	

32.3	1:partial	 31	(28.4%)	 21.5(14.2;28.8)	 <0.001	

2:	full	 17	(15.6%)	 26.8(17.7;35.9)	 <0.001	



	

Precise4Q	-			D5.5	 Page	23	of	49	 31/08/2022	

	

	

	

	

Figure	4	Obtained	adjusted	R
2
	for	each	of	the	FMA-UE	items	for	derivation	cohort	(top)	and	validation	cohort	

(bottom)	

	

Figure	4	(top)	presents	the	obtained	adjusted	R2	for	each	of	the	FMA-UE	items	using	the	derivation	
cohort	presented	in	D4.8	ordered	from	left	to	right	with	the	highest	adjusted	R2	to	the	right	and	the	
adjusted	R2	obtained	using	validation	cohort	(bottom)	with	the	same	order	of	the	FAM-UE	items.		
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We	 then	 addressed	 the	 validation	 of	 the	 adjusted	 models.	 We	 included	 in	 Table	 7	 the	 results	
reported	 in	D4.8.	 Finger	mass	 flexion	 (FM_H_FMF)	 item	yielded	 the	highest	AUC=	0.88	 (0.82-0.94)	
with	sensitivity	and	specificity	=	0.83.	The	only	other	significant	 independent	variable	was	the	time	
since	stroke	onset	to	rehabilitation	admission	with	an	OR=0.9	indicating	that	each	additional	increase	
of	 one	 day	 in	 time	 to	 admission	 is	 associated	with	 a	 10%	 decrease	 in	 the	 odds	 of	 achieving	mild	
motor	 impairment	 at	 discharge.	We	 showed	 good	predictive	 power	 in	 both	 cases	with	AUC:	 0.70-
0.82	 for	 the	 unadjusted	models	 and	 AUC:	 0.85-0.88	 for	 the	 adjusted	models.	We	 used	 two	 items	
frequently	 applied	 in	 previous	 related	 research	 for	 upper	 limb	 predictive	models	 (FM_H_FME	 and	
FM_ES_EXT).	 Besides,	 we	 identified	 an	 additional	 FMA-UE	 item,	 finger	 mass	 flexion	 (FM_H_FMF)	
which	yielded	the	highest	unadjusted	AUC	=	0.82	as	well	as	 the	highest	adjusted	AUC=0.88.	Finger	
mass	extension	(FM_H_FME*)	previously	reported	in	the	Scandinavian	study	also	yielded	an	adjusted	
AUC=0.88,	but	 to	our	best	knowledge	 finger	mass	 flexion	was	never	proposed	before	as	 individual	
predictor	of	mild	motor	impairment.	

Table	 8	presents	 the	 results	 for	 the	 validation	 cohort,	with	no	 confounders	 reported	 as	 significant	
predictors,	though	results	present	a	lower	AUC	when	compared	to	the	derivation	cohort	they	range	
from	0.71	to	0.74,	still	showing	good	predictive	power.	

	

	

Table	7.	Adjusted	models	of	the	dichotomized	FMA-UE	at	discharge	for	each	of	the	top	3	candidate	

predictor	items	(derivation	cohort)	

	 OR	(95%CI)	 P	 AUC	(95%CI)	 Sensitivity	 Specificity	

FM_ES_EXT_01		 28.7(6.6;207.1)	 <0.001	

0.85(0.78-0.93)	 0.71	 0.89	

FM_ES_EXT_02	 107.9(24.2;801.4)	 <0.001	

Sex.Female	 1.21(0.6;2.2)	 0.522	

Age	 0.9(0.9;1.1)	 0.339	

TSI	 0.9	(0.9;1.0)	 <0.001	

LOS	 0.9(0.9;1.0)	 0.319	

Aphasia	 1.0(0.4;2.8)	 0.900	

Smoke.	 2.2(0.8;6.2)	 0.123	

Living	 with	 a	 spouse,	
other	relative	or	friend	

2.0(1.0;4.1)	 0.042	

	 	 	 	 	 	

FM_H_FME_01	 37.5(6.1;741.3)	 <0.001	

0.88(0.81-0.94)	 0.71	 0.90	

FM_H_FME_02	 231.3(36.3;4662.5)	 <0.001	

Sex.Female	 1.2(0.6;2.2)	 0.483	

Age	 0.9(0.9;1.1)	 0.038	

TSI	 0.9(0.9;1.0)	 <0.001	

LOS	 0.9(0.9;1.0)	 0.485	

Aphasia	 0.8(0.2;2.2)	 0.692	
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Smoke.	 1.2(0.4;3.7)	 0.647	

Living	 with	 a	 spouse,	
other	relative	or	friend	

1.8(0.9;3.6)	 0.092	

	 	 	 	 	 	

FM_H_FMF_01	 21.5(3.5;424.8)	 0.005	

088(0.82-0.94)	 0.83	 0.83	

FM_H_FMF_02	 143.2(22.6;2881)	 <0.001	

Sex.Female	 1.3(0.7;2.5)	 0.315	

Age	 0.9(0.9;1.0)	 0.460	

TSI	 0.9(0.9;1.0)	 <0.001	

LOS	 0.9(0.9;1.0)	 0.480	

Aphasia	 0.8(0.3;2.3)	 0.795	

Smoke.	 1.1(0.4;3.1)	 0.786	

Living	 with	 a	 spouse,	
other	relative	or	friend	

1.8(0.9;3.6)	 0.099	

TSI:	time	since	stroke	onset	to	rehabilitation	admission;	LOS:	length	of	stay	

	

Table	8.	Adjusted	models	of	the	dichotomized	FMA-UE	at	discharge	for	each	of	the	top	3	candidate	

predictor	items	(validation	cohort)	

	 OR	(95%CI)	 p	 AUC	(95%CI)	 Sensitivity	 Specificity	

FM_ES_EXT_01		 18.6(2.6;104.7)	 <0.001	

0.71(0.62-0.75)	 0.63	 0.71	

FM_ES_EXT_02	 97.9(44.2;304.9)	 <0.001	

Sex.Female	 1.31(0.6;2.7)	 0.522	

Age	 0.9(0.9;1.1)	 0.339	

TSI	 0.9	(0.9;1.0)	 0.142	

LOS	 0.9(0.9;1.0)	 0.319	

Aphasia	 1.0(0.4;2.8)	 0.900	

Smoke.	 2.7(0.8;6.2)	 0.123	

Living	alone	 2.3(1.0;4.1)	 0.142	

	 	 	 	 	 	

FM_H_FME_01	 68.5(6.1;521.3)	 <0.001	

0.74(0.61-0.78)	 0.61	 0.70	

FM_H_FME_02	 131.3(36.3;542.5)	 <0.001	

Sex.Female	 1.2(0.6;2.2)	 0.483	

Age	 0.9(0.9;1.1)	 0.115	

TSI	 0.9(0.9;1.0)	 0.234	

LOS	 0.9(0.9;1.0)	 0.485	

Aphasia	 0.8(0.2;2.2)	 0.692	
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Smoke.	 1.2(0.4;3.7)	 0.647	

Living	alone	 1.6(0.9;4.6)	 0.112	

	 	 	 	 	 	

FM_H_FMF_01	 25.5(3.5;324.8)	 0.005	

074(0.62-0.77)	 0.63	 0.69	

FM_H_FMF_02	 113.2(12.6;981)	 <0.001	

Sex.Female	 1.3(0.7;2.5)	 0.315	

Age	 0.9(0.9;1.0)	 0.460	

TSI	 0.9(0.9;1.0)	 0.321	

LOS	 0.9(0.9;1.0)	 0.480	

Aphasia	 0.8(0.3;2.3)	 0.795	

Smoke.	 1.1(0.4;3.1)	 0.786	

Living	alone	 1.6(0.9;3.6)	 0.127	

TSI:	time	since	stroke	onset	to	rehabilitation	admission;	LOS:	length	of	stay	

	

3.3 Conclusions	
The	validation	cohort	clearly	confirmed	the	results	obtained	with	the	derivation	cohort,	both	when	
considering	all	33	individual	FMA-UE	items	using	unadjusted	models	and	when	considering	the	top	3	
items	 with	 adjusted	 models.	 Besides,	 as	 presented	 in	 Annex	 I	 the	 total	 number	 of	 included	
participants	(287	in	the	derivation	cohort	+	109	in	the	validation	cohort)	is	clearly	larger	than	most	of	
FMA-UE		predictive	models	presented	in	previous	research.		
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4 Community	integration:	Social	risk		

4.1 Introduction	and	Background	
The	Reintegration	deliverable	D4.9	presented	that	the	quality	of	life	of	post-ischemic	stroke	patients	
is	affected	by	a	range	of	factors,	including	the	risk	of	insufficient	social	and	family	support,	as	well	as	
socio-economic	status	(i.e.,	access	to	home	health	care,	day	center	or	private	carer).	Therefore,	social	
risk	predictive	models	were	generated	in	D4.9	to	meet	the	key	goals	of	post-stroke	reintegration	to	
inform	 reintegration	 decisions	 and	 design	 personalized	 interventions	 for	 patients	 with	 social	 risk.		
This	section	presents	the	validation	of	the	five	GBM	social	risk	models	developed	in	D4.9	section	3.	

	

Social	 risk	 modeling	 in	 D4.9	 was	 based	 on	 Institut	 Guttmann’s	 social	 risk	 assessment,	 “Escala	 de	
Valoracion	 Socio	 Familiar”	 (EVSF),	 which	 considers	 five	 dimensions	 of	 social	 risk:	 cohabitation,	
economic	status	(indicating	income	sufficiency),	home	status	(indicating	home	accessibility	in	case	of	
mobility	problems),	family	support	and	social	support,	where	patients	were	categorized	in	risk	groups	
based	 on	 assessment	 scores	 (D4.9	 section	 3).	 Patients	 in	 the	 no	 social	 risk	 and	 mild	 social	 risk	
categories	 were	 considered	 as	 having	 negligible	 social	 risk	 (GREEN),	 whereas	 patients	 in	 the	
important	 and	 severe	 social	 risk	 categories	were	 considered	 as	 having	 significant	 social	 risk	 (RED)	
(D4.9	Table	7).			

	

In	summary,	demographic,	diagnostic	and	EVSF	assessment	data	(16	predictors)	of	217	patients	were	
used	 for	 training	 models	 (D4.9	 Table	 8).	 In	 the	 training	 cohort	 there	 were	 twice	 as	 many	 male	
patients	as	female	patients	as	there	was	no	way	to	control	for	this	sex	ratio	in	the	admitted	patients	
or	any	gender	bias	in	the	referral	from	acute	treatment	units.	There	was	also	a	similar	imbalance	for	
the	 social	 risk	 classification;	 nearly	 twice	 as	many	patients	with	negligible	 social	 risk	 (GREEN)	 than	
significant	 social	 risk	 (RED)	 at	 discharge	 from	 the	 hospital.	 To	 account	 for	 this	 imbalance,	 five	
Generalized	Boosted	Regression	(GBM)	models	were	trained:	original	model	(not	correcting	for	class	
imbalance),	 weighted	 method	 (giving	 equal	 weight	 to	 both	 classes),	 up-sampling	 model,	 down-
sampling	model	and	smote-method	model	(D4.9	section	3.1.3).			

	

The	GBM	social	risk	models	performance	metrics	(D4.9	Table	10)	indicated	that	all	models	performed	
similarly	(as	based	on	AUC)	despite	prediction	target	class	 imbalance,	however,	there	were	marked	
differences	 in	other	metrics,	especially	specificity.	All	models	predominantly	misclassified	negligible	
social	risk	patients	(misclassify	GREEN	patients	as	RED	-	False	Positive)	rather	than	significant	social	
risk	 patients	 (misclassify	 RED	 patients	 as	 GREEN	 -	 False	 Negative).	 Variable	 importance	 as	 well	 as	
predictor	 contribution	 to	 GREEN	 and	 RED	 class	 prediction	 using	 approximate	 Shapley	 values	were	
also	calculated,	and	mostly	 indicated	FamilySupport	and	Economic	status,	rather	than	demographic	
variables	such	as	Sex,	Educational	Level	or	Civil	Status	contributing	to	social	risk	prediction.	

	

4.2 Validation	activities		

Validation	patient	cohort	

Demographic,	 diagnostic	 and	 assessment	 data	 utilizing	 the	 EVSF	 questionnaire	 during	 the	
rehabilitation	 and	 reintegration	 of	 patients	 were	 recorded	 and	 collected	 at	 the	 Institut	 Guttmann	
(Barcelona,	Spain)	 from	2020	through	2021	during	the	prospective	study.	 	 Inclusion	criteria	 for	this	
cohort	consisted	of	adult	patients	18	to	85	years	of	age	at	the	time	of	stroke	with	an	ischemic	stroke	
diagnosis	 who	 were	 admitted	 within	 3	 weeks	 of	 the	 onset	 of	 symptoms,	 without	 any	 previous	
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comorbidities	 leading	 to	 disability,	 and	whose	 data	was	 recorded	within	 a	week	 of	 admission	 and	
discharge.	Exclusion	criteria	were	any	of	the	following:	diagnosis	of	stroke	in	the	context	of	another	
concomitant	 comorbidity	 (e.g.,	 traumatic	 brain	 injury),	 a	 previous	 history	 of	 another	 disabling	
condition,	 patients	 with	 EVSF	 assessment	 performed	 more	 than	 5	 months	 post	 injury,	 as	 well	 as	
more	than	5	months	stay	at	the	rehabilitation	hospital.		

For	 this	 validation	 study	we	 included	 25	 new	patients	meeting	 inclusion	 criteria	 and	 an	 additional	
dataset	of	92	patients,	that	were	filtered	out	for	model	training	due	to	exclusion	criteria	(n=117).	The	
benefit	 of	 including	patients	with	exclusion	 criteria	 for	 validation	 is	 that	 it	 validates	 the	utility	 and	
robustness	of	the	models	in	a	real-world	clinical	use	case	where	patients	at	social	risk	may	not	meet	
inclusion	criteria	(specifically	patients	older	than	85	years	old,	patients	assessed	more	than	5	months	
post	stroke	and	patients	with	a	 longer	 length	of	stay	at	the	rehabilitation	hospital).	Similarly	to	the	
model	training	cohort,	there	is	an	imbalance	in	the	validation	dataset	of	the	negligible	(GREEN)	and	
significant	 (RED)	 social	 risk	 patients,	 with	 twice	 as	 many	 GREEN	 than	 RED	 class	 patients.	 Table	 9	
below	shows	the	validation	cohort	 information	of	the	total	117	patients	(25	prospective	study	with	
inclusion	criteria	plus	92	patients	not	used	for	training	due	to	exclusion	criteria)	

-	
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Table	 9.	 Validation	 cohort	 information	 including	 social	 risk	 and	 demographics.	 Statistics	 of	 patients	 with	
negligible	 social	 risk	 (GREEN)	 and	 significant	 social	 risk	 (RED)	 including	 counts	 and	 percentages,	 the	 Mean	
(average	value),	Median	(middle	value	with	minimum	and	maximum	value	ranges)	and	Standard	deviation	(SD).	

		 GREEN 
(N=84)	

RED 
(N=33)	

Overall 
(N=117)	

Sex	 	 	 	

		Female	 21 (25.0%)	 10 (30.3%)	 31 (26.5%)	

		Male	 63 (75.0%)	 23 (69.7%)	 86 (73.5%)	

AgeatStroke (years)	 	 	 	

		Mean (SD)	 51.9 (11.3)	 51.3 (6.21)	 51.8 (10.1)	

		Median [Min, Max]	 50.8 [14.1, 85.8]	 52.3 [39.4, 67.1]	 51.0 [14.1, 85.8]	

DaysSinceStroke	 	 	 	

		Mean (SD)	 78.2 (96.7)	 105 (101)	 85.7 (98.2)	

		Median [Min, Max]	 46.5 [14.0, 605]	 68.0 [26.0, 419]	 58.0 [14.0, 605]	

StrokeType	 	 	 	

		Embolic	 19 (22.6%)	 12 (36.4%)	 31 (26.5%)	

		Others	 30 (35.7%)	 9 (27.3%)	 39 (33.3%)	

		Thrombolic	 35 (41.7%)	 12 (36.4%)	 47 (40.2%)	

LengthofStay (days)	 	 	 	

		Mean (SD)	 139 (83.0)	 124 (73.1)	 135 (80.4)	

		Median [Min, Max]	 153 [11.0, 468]	 117 [27.0, 341]	 151 [11.0, 468]	

EducationLevel	 	 	 	

		High	 50 (59.5%)	 18 (54.5%)	 68 (58.1%)	

		Low	 34 (40.5%)	 15 (45.5%)	 49 (41.9%)	

CivilStatus	 	 	 	

		Married	 52 (61.9%)	 19 (57.6%)	 71 (60.7%)	

		notMarried	 32 (38.1%)	 14 (42.4%)	 46 (39.3%)	

NIHSS	 	 	 	

		Mean (SD)	 12.8 (6.17)	 15.3 (5.28)	 13.5 (6.02)	

		Median [Min, Max]	 13.0 [0, 26.0]	 17.0 [5.00, 27.0]	 14.0 [0, 27.0]	

cognitive_FIM	 	 	 	

		Mean (SD)	 23.3 (9.32)	 20.0 (8.36)	 22.4 (9.15)	

		Median [Min, Max]	 25.0 [5.00, 35.0]	 22.0 [5.00, 35.0]	 23.0 [5.00, 35.0]	

motor_FIM	 	 	 	

		Mean (SD)	 42.8 (24.6)	 35.8 (20.7)	 40.8 (23.7)	

		Median [Min, Max]	 37.5 [13.0, 89.0]	 31.0 [13.0, 78.0]	 36.0 [13.0, 89.0]	

total_FIM	 	 	 	

		Mean (SD)	 66.1 (31.1)	 55.8 (25.4)	 63.2 (29.8)	

		Median [Min, Max]	 62.5 [19.0, 124]	 53.0 [18.0, 103]	 59.0 [18.0, 124]	

Cohabitation	 	 	 	

		Median [Min, Max]	 1.00 [1.00, 5.00]	 1.00 [1.00, 5.00]	 1.00 [1.00, 5.00]	

EconomicStatus	 	 	 	
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		 GREEN 
(N=84)	

RED 
(N=33)	

Overall 
(N=117)	

		Median [Min, Max]	 1.00 [1.00, 5.00]	 2.00 [1.00, 5.00]	 1.00 [1.00, 5.00]	

HomeAccess	 	 	 	

		Median [Min, Max]	 2.00 [1.00, 5.00]	 3.00 [1.00, 5.00]	 2.00 [1.00, 5.00]	

FamilySupport	 	 	 	

		Median [Min, Max]	 2.00 [1.00, 5.00]	 3.00 [2.00, 5.00]	 3.00 [1.00, 5.00]	

SocialSupport	 	 	 	

		Median [Min, Max]	 2.00 [1.00, 4.00]	 3.00 [1.00, 4.00]	 3.00 [1.00, 4.00]	

	 	 	 	

	

	

Validation	Results	

Confusion	 matrices	 as	 well	 as	 standard	 classification	 model	 metrics	 including	 AUC,	 Accuracy,	
Sensitivity	and	Specificity,	were	generated	 for	 the	validation,	 for	 the	25	prospective	 study	meeting	
inclusion	criteria,	92	patients	with	exclusion	criteria,	as	well	as	the	total	117	set.	

	

Table	 10	 Confusion	 matrices	 for	 validation	 utilizing	 new	 patients	 meeting	 inclusion	 criteria	 (25)	 and	

additional	patients	excluded	from	the	dataset	not	meeting	inclusion	criteria	(92)	and	combined	(117)	

 

totals	 		 original	 GREEN	 RED	

	

GREEN	 19	 GREEN	 16	 4	

	

RED	 6	 RED	 3	 2	

weighted_method	 GREEN	 RED	 up_sampling	 GREEN	 RED	

GREEN	 13	 1	 GREEN	 15	 1	

RED	 6	 5	 RED	 4	 5	

down_sampling	 GREEN	 RED	 smote_method	 GREEN	 RED	

GREEN	 12	 1	 GREEN	 15	 3	

RED	 7	 5	 RED	 4	 3	

	      

 

totals	 		 original	 GREEN	 RED	

	

GREEN	 65	 GREEN	 59	 3	

	

RED	 27	 RED	 6	 24	

weighted_method	 GREEN	 RED	 up_sampling	 GREEN	 RED	

GREEN	 47	 1	 GREEN	 46	 2	

RED	 18	 26	 RED	 19	 25	

down_sampling	 GREEN	 RED	 smote_method	 GREEN	 RED	

GREEN	 42	 1	 GREEN	 51	 4	

RED	 23	 26	 RED	 14	 23	



	

Precise4Q	-			D5.5	 Page	31	of	49	 31/08/2022	

	

	

 

totals	 		 original	 GREEN	 RED	

	

GREEN	 84	 GREEN	 60	 2	

	

RED	 33	 RED	 24	 31	

weighted_method	 GREEN	 RED	 up_sampling	 GREEN	 RED	

GREEN	 60	 2	 GREEN	 61	 3	

RED	 24	 31	 RED	 23	 30	

down_sampling	 GREEN	 RED	 smote_method	 GREEN	 RED	

GREEN	 54	 2	 GREEN	 66	 7	

RED	 30	 31	 RED	 18	 26	

	

	

While	the	model	training	confusion	matrices	(D4.9	Table	9)	did	not	reveal	any	discernible	differences	
between	the	model	performance,	the	validation	results	indicate	robust	performance	by	the	original	
model	(not	corrected	for	prediction	target	class	imbalance)	for	the	92	patients	with	exclusion	criteria,	
and	 similar	 performance	 for	 the	 total	 validation	 set.	 	Moreover,	 similarly	 to	model	 training	 (D4.9	
section	 3),	 all	 models	 predominantly	 misclassify	 negligible	 social	 risk	 patients	 (misclassify	 GREEN	
patients	as	RED	-	False	Positive)	rather	than	significant	social	risk	patients	(misclassify	RED	patients	as	
GREEN	-	False	Negative).	

However,	what	 is	of	 importance	 to	 clinicians	 is	 to	 identify	patients	with	 significant	 social	 risk	 (RED	
class),	therefore,	model	specificity	 is	a	critical	performance	metric	 in	addition	to	accuracy	and	AUC.		
Table	11	below	presents	these	metrics	for	each	of	the	validation	sets.	

	

Table	11.	Model	validation	performance	metrics	for	all	validation	datasets	

GBM	validation	

original_model	 weighted_method	 up_sampling	 down_sampling	 smote_method	statistics	

AUC	(25)	 0.798	 0.798	 0.781	 0.789	 0.798	

AUC	(92)	 0.925	 0.931	 0.904	 0.923	 0.932	

AUC	(117)	 0.891	 0.909	 0.881	 0.899	 0.904	

Accuracy	(25)	 0.72	 0.72	 0.8	 0.68	 0.72	

Accuracy	(92)	 0.902	 0.794	 0.772	 0.739	 0.804	

Accuracy	(117)	 0.778	 0.778	 0.778	 0.727	 0.786	

Sensitivity	(25)	 0.842	 0.684	 0.79	 0.632	 0.79	

Sensitivity	(92)	 0.908	 0.723	 0.708	 0.646	 0.785	

Sensitivity	(117)	 0.714	 0.714	 0.726	 0.643	 0.786	

Specificity	(25)	 0.333	 0.833	 0.833	 0.833	 0.5	

Specificity	(92)	 0.889	 0.963	 0.926	 0.963	 0.852	

Specificity	(117)	 0.939	 0.939	 0.909	 0.939	 0.788	
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Specificity	was	higher	than	sensitivity	for	model	validation	for	the	92	and	117	patient	sets,	in	contrast	
to	the	model	 training	 (D4.9	Table	10:	model	 training	specificity	 [0.597	–	0.855],	sensitivity	 [0.800	–	
0.916]).	 	Although	validation	AUC	values	were	generally	higher	 than	 for	model	 training	 (D4.9	Table	
10:	model	 training	AUC	 [0.827	–	0.843]),	 validation	accuracies	were	very	comparable	 to	 the	model	
training	indicating	that	all	models	had	a	similarly	stable	and	robust	validation	(D4.9	Table	10:	training	
model	 Accuracy	 [0.811	 -	 0.880]),	 especially	 for	 the	 92	 and	 117	 validation	 sets.	 	 Due	 to	 the	 small	
number	of	the	RED	class	in	the	25	patient	set,	the	validation	outcome	of	this	set	is	not	as	stable.	

	

Class	Prediction	Contributions	in	Validation	Data		

	

Approximate	Shapley	values	were	calculated	for	the	117	patient	validation	set	in	the	same	method	as	
the	 training	 for	 the	 model,	 using	 the	 R	 package	 fastshap	 (D4.9	 Model	 Explainability	 section),	 to	
indicate	the	contribution	of	each	of	the	predictors	to	the	negligible	risk	prediction	(GREEN	class)	and	
the	significant	risk	prediction	(RED	class).	Figure	5	to	Figure	9	below	present	the	distribution	of	the	
prediction	results	(classification)	among	the	predictors.		

	

	

Figure	5.	(a)	Original	model	validation	approximate	Shapley	values	for	GREEN	class	prediction.	(b)	Original	

model	validation	approximate	Shapley	values	for	RED	class	prediction.	
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Figure	6.(a)	Weighted	model	validation	approximate	Shapley	values	for	GREEN	class	prediction.	(b)	Weighted	

model	validation	approximate	Shapley	values	for	RED	class	prediction.	
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Figure	7.	 (a)	Up-sampling	model	validation	approximate	Shapley	values	for	GREEN	class	prediction.	 (b)	Up-

sampling	model	validation	approximate	Shapley	values	for	RED	class	prediction.	
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Figure	8.	(a)	Down-sampling	model	validation	approximate	Shapley	values	for	GREEN	class	prediction.	(b)	

Down-sampling	model	validation	approximate	Shapley	values	for	RED	class	prediction.	

	

	

	

Figure	 9.	 (a)	 Smote	 model	 validation	 approximate	 Shapley	 values	 for	 GREEN	 class	 prediction.	 (b)	 Smote	

model	validation	approximate	Shapley	values	for	RED	class	prediction.	
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For	 the	 training	 set	 cohort	 of	 patients	 of	 the	Catalonia	 region	of	 Spain,	 consisting	of	mostly	male,	
young	 ischemic	 stroke	 patients,	 despite	 the	 prevalence	 of	 individuals	 in	 negligible	 social	 risk	 class	
upon	discharge	 from	 the	hospital,	machine	 learning	modeling	of	 this	data	 revealed	 that	predictors	
contributing	 to	significant	social	 risk	were	primarily	 family	 support	and	economic	status,	as	well	as	
cohabitation	and	days	since	stroke,	 	with	 lesser	contribution	of	other	predictors	and	specifically	no	
contribution	 from	 the	 sex	 of	 the	 patient	 (D4.9	 Model	 Explainability	 section).	 Similarly	 for	 the	
validation	 set,	 FamilySupport	 is	 the	 top	 predictor	 for	 all	 models,	 as	 well	 as	 Economic	 Status	 and	
Cohabitation,	however,	LengthofStay	emerges	as	a	highly	ranked	contributor	especially	to	RED	class	
prediction;	this	is	not	unexpected	as	for	many	of	the	validation	set	patients	the	LengthofStay	meets	
exclusion	criteria.	Nevertheless,	as	 in	 the	 training	sets,	 the	demographic	variables,	 such	as	Sex	and	
CivilStatus,	have	negligible	contribution	to	class	prediction.	

	

	

4.3 Conclusions	

The	robust	validation	yielding	good	performance	metrics	(AUC,	accuracy,	sensitivity	and	specificity),	
consisting	of	a	set	of	patients	that	was	not	part	of	model	training,	recapitulates	the	actual	usage	of	
the	models	by	clinicians	for	patients	that	may	not	meet	inclusion	criteria.		This	confirms	the	utility	of	
the	 models	 in	 the	 real-world	 clinical	 scenario,	 as	 well	 as	 the	 contribution	 of	 not	 only	 the	 EVSF	
predictors,	such	as	SocialSupport,	but	also	LengthofStay,	highlighting	that	social	risk	is	a	complex	and	
multifactorial	 phenomenon	 that	 can	 vary	 significantly	 for	 patients	 over	 the	 course	 of	 stroke	
rehabilitation	and	reintegration.	
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5 Community	integration:	Long-term	trajectories	

5.1 Introduction	and	Background	
As	presented	in	D4.9	the	aims	of	this	study	were	to	use	generalized	mixed	models	(GMM)	analysis	to	
identify	 classes	 of	 community	 dwelling	 individuals	 after	 stroke	 with	 different	 trajectories	 of	
community	integration	up	to	13	years	after	injury,	to	characterize	the	identified	classes	with	baseline	
clinical	 factors	 (e.g.	 functional	 independence)	 and	 identify	 predictors	 of	 the	 obtained	 trajectories,	
using	data	from	Institut	Guttmann	Neurorehabilitation	hospital.		

Eligible	 participants	 were	 adult	 patients	 (≥	 18	 years	 at	 the	 moment	 of	 admission,	 no	 other	 age	
restriction	 was	 imposed	 to	 participants)	 with	 the	 diagnosis	 of	 first-time	 ischemic	 or	 hemorrhagic	
stroke,	 receiving	 inpatient	 rehabilitation	 between	March	 2002	 and	December	 2021.	 Patients	were	
excluded	for	the	following	reasons:	less	than	3	community	integration	assessments	performed	after	
discharge,	more	 than	90	days	 since	 injury	 onset	 to	 inpatient	 rehabilitation	 admission	 as	 in	 related	
research,	cases	of	transient	ischemic	attack,	traumatic	brain	injury	or	spinal	cord	injury	diagnosis	 in	
the	context	of	 first-time	 ischemic	or	hemorrhagic	stroke,	or	a	previous	history	of	another	disabling	
condition	(e.g.	cerebral	palsy)	

A	 total	 of	 864	 patients	 composed	 such	 initial	 derivation	 cohort	 population.	 After	 excluding	 357	 of	
them	with	 less	 than	 three	 CIQ	 assessments,	 118	with	more	 than	 90	 days	 since	 injury	 to	 inpatient	
rehabilitation	 admission,	 98	 without	 a	 complete	 FIM	 assessment	 performed	 10	 days	 within	
discharge,	 4	 with	 a	 previous	 story	 of	 disability	 or	 another	 concomitant	 comorbidity	 (e.g.	 cerebral	
palsy),	287	individuals	were	included	in	the	derivation	study.	

	

	

Figure	10.	Spaghetti	plot	for	all	CIQ	assessments	included	in	the	derivation	cohort	

	

In	 relation	 to	 the	derivation	cohort,	a	 total	of	1264	CIQ	assessments	were	performed	between	0.5	
and	13	years	after	 injury	by	 the	287	participants,	between	 January	2006	and	April	2022.	Figure	10	
presents	the	spaghetti	plot	for	them.	Each	 line	 in	the	plot	represents	the	trajectory	of	assessments	
followed	by	a	participant.	No	clear	pattern	of	trajectories	can	be	observed.	
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5.2 Validation	activities		

Validation	patient	cohort	

The	 validation	 cohort	 included	 all	 patients	 (n=51)	 with	 ischemic	 stroke	 admitted	 to	 inpatient	
rehabilitation	at	 Institut	Guttmann	hospital	between	March	2002	and	 June	2022	who	completed	3	
CIQ	assessments	after	rehabilitation	discharge	between	January	2002	and	April	2022	and	who	were	
not	 included	in	the	derivation	cohort.	Patients	were	excluded	for	the	following	reasons:	 less	than	3	
community	integration	assessments	performed	after	discharge,	more	than	90	days	since	injury	onset	
to	 inpatient	 rehabilitation	 admission,	 cases	 of	 transient	 ischemic	 attack,	 traumatic	 brain	 injury	 or	
spinal	 cord	 injury	 diagnosis	 in	 the	 context	 of	 first-time	 ischemic	 stroke,	 or	 a	 previous	 history	 of	
another	disabling	condition	(e.g.	cerebral	palsy).	

A	 total	 of	 220	 CIQ	 assessments	were	 performed	 between	 0.5	 and	 13	 years	 after	 injury	 by	 the	 51	
participants	 included	 in	 the	validation	cohort.	Figure	11	presents	 the	spaghetti	plot	 for	 them.	Each	
line	in	the	plot	represents	the	trajectory	of	assessments	followed	by	a	participant.	No	clear	pattern	of	
trajectories	can	be	observed.	

	

	

Figure	11.	Spaghetti	plot	for	all	CIQ	assessments	included	in	the	validation	cohort	

	

	

Table	12	presents	 the	number	of	participants	assessed	at	each	 time	point,	 the	 time	since	 injury	 to	
CIQ	assessment,	the	mean	age	at	the	moment	of	assessment.	

Table	 12.	Validation	 cohort:	 time	 since	 injury	 to	 each	assessment	point,	 age	 at	 each	assessment	

point.		

	 1
st	

2
nd
	 3

rd
	 4

th
	 5

th
	 6

th
	

n	 51	 51	 51	 34	 19	 14	

Male,	n(	%)	 33	(64.7)	 33	(64.7)	 33	(64.7)	 22	(64.7)	 12	(63.2)	 7	(50.0)	

Age	 at	 CIQ	 assessment,	

mean	(SD)	
52.8	(10.4)	 54.3	(10.4)	 55.1	(10.4)	 56.6	(10.3)	 58.7	(9.7)	 59.0	(9.7)	

Time	since	 injury	to	CIQ	

assessment,	mean(SD)	
3.0	(1.1)	 4.7	(1.3)	 6.5	(1.7)	 8.0	(1.9)	 9.3	(1.7)	 10.4	(1.5)	
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TOTAL	CIQ,	mean	(SD)	 12.5	(5.0)	 12.1	(5.0)	 12.2	(4.8)	 12.5	(5.7)	 13.2	(6.5)	 12.4	(6.6)	

	

	

Table	13	describes	the	main	clinical	and	demographic	characteristics	of	participants	 included	in	the	
validation	cohort.	

	

Table	13.	Baseline	characteristics	for	patients	included	in	the	validation	cohort	

	Clinical	and	demographic	features	
Included	patients	

(N=51)	

Male,	%	 33	(64.7%)	

Age	at	injury,	mean	(SD)	 48.3	(11.0)	

Younger	than	65	years	old	at	injury,	%	 48	(94.1%)	

NIHSS,	mean	(SD)	 10.4	(5.8)	

Time	since	stroke	onset	to	admission,	days,	mean	(SD)	 47.7	(30.6)	

Hypertension	 22	(43.1%)	

Dysphagia	 18	(35.3%)	

Diabetes	 2	(3.9%)	

Dyslipidemia	 13	(25.5%)	

Aphasia	 17	(33.3%)	

Atrial	Fibrillation	 0	(0.0%)	

Neglect	 14	(27.5%)	

Affected	side	 	

Bilateral	 9	(17.6%)	

Left	 17	(33.3%)	

Right	 25	(49.0%)	

Dominance	 	

Left	 1	(2.0%)	

Right	 50	(98.0%)	

Dominant	affected	 24	(47.1%)	

Smoking	habits,	%	 	

Current	smoker	at	admission	 14	(27.5%)	

Never	smoked	 28	(54.9%)	

Former	smoker	 9	(17.6%)	

Educational	level,	%	 	

Read	and	write	 3	(5.9%)	

Primary	 22	(43.1%)	

Secondary	 17	(33.3%)	
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University	 9	(17.6%)	

Marital	status,	%	 	

Married	 35	(74.5%)	

Single	 9	(19.1%)			

Separated	 2	(4.3%)	

Divorced	 1	(2.1%)	

Widow	 0	(0.0%)	

LOS	in	days,	mean	(SD)	 69.8	(31.5)	

FIM-at	discharge,	mean	(SD)	 	

Cognitive	FIM	 25.255	(9.398)	

Motor	FIM	 59.176	(27.918)	

Total	FIM	 84.431	(36.164)	

Motor	FIM	at	discharge	categorization,	%	 	

good	 32	(62.7%)	

fair	 2	(3.9%)	

poor	 17	(33.3%)	

NIHSS:	 National	 Institutes	 of	 Health	 Stroke	 Scale;	 FIM:	 Functional	 Independence	 Measure;	 LOS:	
Length	of	Stay	

	

	

Validation	Results	

To	 fit	 FMM	models	we	 followed	 the	 same	 procedure	 as	 in	 D4.9.	We	 fitted	GMMs	 to	 total	 CIQ	 as	
outcomes	with	time	since	injury	(years)	having	both	fixed	and	random	effects,	while	also	allowing	for	
class-specific	effects	of	time.	Single	class	models	were	fitted	with	models	selected	according	to	the	
lowest	Bayesian	information	criterion	value	as	presented	in	Table	14.	A	cubic	term	for	time	gave	the	
lowest	 Bayesian	 information	 criterion	 values.	 Models	 with	 two	 to	 five	 classes	 were	 subsequently	
fitted.	 The	 optimal	 number	 of	 classes	 was	 determined	 by	 selecting	 the	 model	 with	 the	 lowest	
Bayesian	information	criterion	and	highest	entropy.	Entropy	is	an	indication	of	how	well	 individuals	
have	 been	 allocated	 to	 each	 class	 on	 a	 scale	 of	 0–1,	with	 1	meaning	 perfect	 classification,	 and	 is	
calculated	using	the	mean	posterior	probability	for	each	class.	

Therefore,	the	optimal	number	of	classes	(three	classes)	was	determined	by	selecting	the	model	with	
the	 lowest	Bayesian	 information	criterion	and	highest	entropy.	Table	14	presents	 the	obtained	BIC	
and	entropy	values	for	the	different	number	of	classes.			

	

Table	14.	Information	criteria	for	the	different	fitted	models	by	number	of	tested	classes	

	Transformation	 G	 BIC	 Entropy	
Class1	

%	

Class2	

%	

Class3	

%	

Class4	

%	

Class5	

%	

Linear	outcome	 1	 5248	 1	 	 	 	 	 	

Linear	outcome	

Quadratic	 term	 for	
1	 5112	 1	 	 	 	 	 	
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time	

Linear	outcome	

Cubic	term	for	time	
1	 5043	 1	 	 	 	 	 	

Linear	outcome	

Cubic	term	for	time	

Random	effects	

2	 2471	 0.63	 59.7	 40.3	 	 	 	

Linear	outcome	

Cubic	term	for	time	

Random	effects	

3	 2342	 0.82	 33.3	 25.5	 41.2	 	 	

Linear	outcome	

Cubic	term	for	time	

Random	effects	

4	 2354	 0.71	 1.7	 16.8	 38.6	 42.9	 	

Linear	outcome	

Cubic	term	for	time	

Random	effects	

5	 2411	 0.54	 3.9	 5.1	 42.6	 31.3	 17.1	

G:	Number	of	groups;		

	

Table	 15	 describes	 the	 baseline	 characteristics	 for	 the	 3	 identified	 classes:	 Class	 1	 (n=17,	 33.3%),	
Class	2	(n=	13,	25.5%)	and	Class	3	(n=21,	41.2%).	

The	features	describing	the	three	classes	identified	using	the	derivation	cohort	were	confirmed	with	
the	 validation	 cohort.	 Individuals	 in	 Class	 2	were	 the	 youngest,	with	 the	 lowest	NIHSS,	 the	 lowest	
proportion	 of	 hypertension,	 aphasia,	 the	 shorter	 LOS,	 the	 largest	 proportion	 of	 high	 educational	
level.	 Similarly	 as	 presented	 in	D4.9	 participants	 in	 Class	 3	 present	 intermediate	 demographic	 and	
clinical	results	when	compared	to	Class	2	and	Class	1.	Participants	in	Class	1	clearly	show	the	lower	
levels	of	Community	Integration	with	highest	functional	dependence	at	rehabilitation	discharge.	

	

Table	15.	Baseline	characteristics	for	participants	by	class		

	Features	
Class	1	

(N	=	17)	

Class	2	

(N	=	13)	

Class	3	

(N=21)	
p	

Male,	%	 13	(76.5%)	 8	(61.5%)	 12	(57.1%)	 0.446	

Age	at	injury,	mean	(SD)	 55.1	(8.8)	 40.3	(13.2)	 47.6	(7.3)	 0.003	

NIHSS,	mean	(SD)	 14.4	(6.9)	 4.6	(2.5)	 10.9	(4.3)	 0.010	

Time	 since	 stroke	 onset	 to	

admission,	days,	mean	(SD)	
62.1	(33.4)	 42.0	(31.3)	 39.6	(24.5)	 0.054	

Hypertension,	%	 7	(41.2%)	 5	(38.5%)	 10	(47.6%)	 0.854	

Dysphagia,	%	 11	(64.7%)	 5	(38.5%)	 2	(9.5%)	 0.002	

Diabetes,	%	 2	(11.8%)	 0	(0.0%)	 0	(0.0%)	 0.125	

Dyslipidemia,	%	 4	(23.5%)	 3	(23.1%)	 6	(28.6%)	 0.914	

Aphasia,	%	 8	(47.1%)	 2	(15.4%)	 7	(33.3%)	 0.190	
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Atrial	Fibrillation,	%	 0	 0	 0	 	

Neglect,	%	 7	(41.2%)	 3	(23.1%)	 4	(19.0%)	 0.290	

Affected	side,	%	 	 	 	

0.307	
Bilateral	 5	(29.4%)	 1	(7.7%)	 3	(14.3%)	

Left	 6	(35.3%)	 6	(46.2%)	 5	(23.8%)	

Right	 6	(35.3%)	 6	(46.2%)	 13	(61.9%)	

Dominance,	%	 	 	 	

0.483	Left	 0	(0.0%)	 0	(0.0%)	 1	(4.8%)	

Right	 17	(100.0%)	 13	(100.0%)	 20	(95.2%)	

Dominant	affected,	%	 6	(35.3%)	 6	(46.2%)	 12	(57.1%)	 0.405	

Smoking	habits,	%	 	 	 	 	

Current	smoker	at	admission	 3	(17.6%)	 5	(38.5%)	 6	(28.6%)	 0.444	

Never	smoked	 10	(58.8%)	 7	(53.8%)	 11	(52.4%)	 0.921	

Former	smoker	 4	(23.5%)	 1	(7.7%)	 4	(19.0%)	 0.517	

Educational	level,	%	 	 	 	

0.467	

Read	and	write	 1	(5.9%)	 1	(7.7%)	 1	(4.8%)	

Primary	 8	(47.1%)	 4	(30.8%)	 10	(47.6%)	

Secondary	 6	(35.3%)	 3	(23.1%)	 8	(38.1%)	

University	 2	(11.8%)	 5	(38.5%)	 2	(9.5%)	

Marital	status,	%	 	 	 	

0.041	

Married	 14	(87.5%)	 6	(50.0%)	 15	(78.9%)	

Single	 0	(0.0%)	 6	(50.0%)	 3	(15.8%)	

Separated	 1	(6.2%)	 0	(0.0%)	 1	(5.3%)	

Divorced	 1	(6.2%)	 0	(0.0%)	 0	(0.0%)	

Widow	 -	 -	 	

LOS	in	days	 79.5	(39.3)	 64.4	(29.1)	 65.3	(24.9)	 0.469	

FIM-at	discharge	 	 	 	 	

Cognitive	FIM	 13.9	(5.8)	 33.3	(1.7)	 29.4	(4.7)	 <	0.001	

Motor	FIM	 22.0	(7.9)	 88.0	(2.6)	 71.3	(4.9)	 <	0.001	

Total	FIM	 36.0	(10.5)	 121.3	(3.5)	 100.7	(3.4)	 <	0.001	

Motor	 FIM	 at	 discharge	

categorization,	%	
	 	 	

<0.001	good	 0	(0.0%)	 13	(100.0%)	 19	(90.5%)	

fair	 0	(0.0%)	 0	(0.0%)	 2	(9.5%)	

poor	 17	(100.0%)	 0	(0.0%)	 0	(0.0%)	

CIQ	total	 7.8	(2.7)	 17.7	(2.4)	 13.1	(4.0)	 <0.001	

CIQ	home	 1.9	(2.2)	 8.9	(1.3)	 5.1	(2.7)	 <0.001	
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CIQ	social	 5.7	(1.9)	 8.1	(1.4)	 7.4	(1.8)	 0.003	

CIQ	productivity	 0.1	(0.7)	 0.6	(1.3)	 0.6	(1.2)	 0.374	

NIHSS:	 National	 Institutes	 of	 Health	 Stroke	 Scale;	 FIM:	 Functional	 Independence	 Measure;	 LOS:	
Length	of	Stay	

	

	

	

5.3 Conclusions		
The	features	describing	the	three	classes	identified	using	the	derivation	cohort	were	confirmed	with	
the	 validation	 cohort.	 Individuals	 in	 Class	 2	were	 the	 youngest,	with	 the	 lowest	NIHSS,	 the	 lowest	
proportion	 of	 hypertension,	 aphasia,	 the	 shorter	 LOS,	 the	 largest	 proportion	 of	 high	 educational	
level.	 Similarly	 as	 presented	 in	D4.9	 participants	 in	 Class	 3	 present	 intermediate	 demographic	 and	
clinical	results	when	compared	to	Class	2	and	Class	1.	Participants	in	Class	1	clearly	show	the	lower	
levels	of	Community	Integration	with	highest	functional	dependence	at	rehabilitation	discharge.	
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6 Conclusions	

This	deliverable	presented	the	validation	using	different	datasets	of	the	predictive	models	developed	
for	the	personalised	rehabilitation	and	reintegration	stages	from	WP4.	The	efforts	were	focused	on	
four	 main	 clinical	 use	 cases,	 two	 of	 them	 in	 the	 context	 of	 cognitive	 and	 motor	 inpatient	
rehabilitation	and	the	other	two	on	social	risk	and	community	integration	trajectories	of	community	
dwelling	 stroke	 survivors.	 These	 validation	 cohorts	 showed	 reliable	 predictions	 that	 could	 help	
clinicians	at	developing	personalised	rehabilitation	and	reintegration	programs.		

Specifically,	 for	 the	 cognitive	 inpatient	 rehabilitation,	 two	 models	 were	 trained	 to	 predict:	 the	
cognitive	 improvement	 after	 therapy,	 and	 therapy	 compliance.	 Predictions	 were	 accompanied	 by	
complementary	 reports	 to	 contextualise	 this	 information	and	allow	clinicians	 to	evaluate	 the	 inner	
workings	of	the	model.	Performance	results	showed	a	drop	in	performance	when	the	models	were	
tested	against	 the	validation	cohort.	However,	 re-trained	versions	of	both	models	reported	similar,	
and	for	some	cases,	better	results	when	compared	to	the	models	presented	in	D4.8.	A	comparison	of	
the	 features’	 impact	 showed	 how	 certain	 variables	 (e.g.,	 admission	 compliance)	 had	 a	 strong	
influence	across	base,	validation	and	re-trained	models.	

In	 relation	 to	 motor	 inpatient	 rehabilitation	 the	 validation	 cohort	 clearly	 confirmed	 the	 results	
obtained	with	 the	 derivation	 cohort,	 both	when	 considering	 all	 33	 individual	 FMA-UE	 items	 using	
unadjusted	 models	 and	 when	 considering	 the	 top	 3	 items	 with	 adjusted	 models.	 Besides,	 as	
presented	in	Annex	I	the	total	number	of	included	participants	(287	in	the	derivation	cohort	+	109	in	
the	validation	cohort)	is	clearly	larger	than	most	of	FMA-UE	predictive	models	presented	in	previous	
research.	

When	addressing	social	risk,	we	analysed	an	outpatient	dataset	that	was	not	part	of	model	training.		
This	confirms	the	utility	of	the	models	in	the	real-world	clinical	scenario,	as	well	as	the	contribution	
of	not	only	the	EVSF	predictors,	such	as	SocialSupport,	but	also	LengthofStay,	highlighting	that	social	
risk	 is	 a	 complex	 and	multifactorial	 phenomenon	 that	 can	 vary	 significantly	 for	 patients	 over	 the	
course	of	stroke	rehabilitation	and	reintegration.	

Finally,	 in	 relation	 to	 Community	 Integration	 trajectories	 the	 features	 describing	 the	 three	 classes	
identified	using	the	derivation	cohort	were	confirmed	with	the	validation	cohort.	Individuals	in	Class	
2	were	 the	 youngest,	with	 the	 lowest	 NIHSS,	 the	 lowest	 proportion	 of	 hypertension,	 aphasia,	 the	
shorter	 LOS,	 the	 largest	 proportion	 of	 high	 educational	 level.	 Similarly	 as	 presented	 in	 D4.9	
participants	in	Class	3	present	intermediate	demographic	and	clinical	results	when	compared	to	Class	
2	 and	Class	 1.	 Participants	 in	 Class	 1	 clearly	 show	 the	 lower	 levels	 of	 Community	 Integration	with	
highest	functional	dependence	at	rehabilitation	discharge.	
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8 Annex	I	

Table	SM1.	Literature	on	FMA-UE	predictive	models	

Study	 n	 phase	
Boissy	et	al	1997	 26	 Subacute	two	months	
Feys	et	al	2000	 100	 two,	six	and	12	months	after	stroke	
Shelton	et	al	2001	 171	 17	±	12	days	of	an	initial	stroke	
Luft	et	al	2004	 21	 Chronic:	1	year	
Pang	et	al	2006	 63	 Chronic		≥	1	year	
Nijland	et	al	2010	 188	 72	hours	and	at	5	and	9	days	after	stroke	
Stinear	et	al	2012	 40	 72	h	after	stroke	
Hoonhorst	et	al	2015	 460	 at	6	months	poststroke	
Persson	et	al	2015	 112	 10	days	and	1	and	12	months	
Woytowicz	et	al	2017	 247	 chronic	at	6	months	poststroke	
Snickars	et	al	2017	 117	 Within	3	days	post-stroke	
Ghaziani	et	al	2020	 223	 at	6	months	poststroke	
Plantin	et	al	2021	 89	 25	±	7		days	from	stroke	onset	

	

	

	


