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Abstract	
	

Introduction:	Research	has	been	undertaken	to	examine	the	use	of	eye	tracking	

and	 other	 sensors	 for	 assessing	 the	 performance	 of	 healthcare	 professionals	

carrying	 out	 clinical	 tasks	 and	 procedures.	 The	 work	 is	 underpinned	 by	 the	

hypothesis	 that	 computational	 eye	 tracking	 metrics	 can	 be	 a	 surrogate	 to	

measuring	competency.	

Methods:	 The	 thesis	 involves	 two	 distinct	 studies	 that	 use	 eye	 tracking	

technology	and	data	science	techniques,	producing	three	datasets	(two	belonging	

to	the	first	study).	The	first	study	 investigated	how	eye	tracking,	using	a	Tobii	

X60	 (stationary)	 eye	 tracker,	 could	 predict	 the	 competency	 of	 nurses	 whilst	

reading	vital	signs	on	a	bedside	monitor.	Data	science	methods	were	applied	to	

the	 collected	 data	 with	 first	 regression	 modelling	 and	 then	 classification	

modelling	 (e.g.,	 decision	 trees).	 The	 second	 study	 used	wearable	 eye	 tracking	

glasses	 by	 SMI	 and	 other	 wearable	 computing	 sensors	 to	 measure	 the	

performance	 of	 interventional	 cardiologists	 when	 carrying	 out	 angiographic	

procedures	 in	 a	 catheterisation	 laboratory	 using	 a	 state-of-the-art	 simulator	

(Mentice	VIST).	As	this	was	a	smaller	sample,	the	data	science	approach	was	less	

ambitious	and	was	focused	on	finding	significant	differences	between	groups	and	

strong	correlations	if	they	existed.	

Results:	In	the	first	study,	a	total	of	59	participants	were	recruited	and	concluded	

that	eye-tracking	could	be	used	to	distinguish	between	subjects,	by	performance	

level	 and	 characteristics.	 This	was	 first,	with	 an	 initial	 dataset	 of	 n=48,	 linear	

regression	model	with	62	eye	tracking	metrics	included	as	predictors	that	had	a	

adjusted	 r-squared	 of	 0.80	 and	mean	 square	 error	 of	 1.2	 (on	 a	 target	 0-10,	 p	

value=3.712e-12).	Secondly	with	a	larger	dataset	(n=59),	classification	showed	

significant	accuracy	of	91%	(p	value=0.0003)	in	predicting	the	group	(novice	vs	

expert).	 In	 the	second	study	a	 total	of	14	participants	were	recruited,	and	 the	

study	 demonstrated	 that	 significant	 differences	 could	 be	 seen	 in	 eye	 tracking	

metrics	on	selected	areas	of	interest	between	trainee	and	expert	interventionist	

cardiologists.	Experts	had	a	significantly	larger	dwell	%	(11.1	±4.3	vs	4.7	±1.6,	p	

=	 0.006)	 and	 fixation	%	 (8.5	 ±3.5	 vs	 3.5	 ±1.4,	 p	 =	0.007)	 on	 the	 instruments	
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screen.	In	addition,	experts	had	a	significantly	higher	totalled	dwell	%	(63	±10%	

vs.	42	±20%,	p	=	0.03)	and	fixation	%	(50.2	±9.6	vs	33.5	±17,	p	=	0.04)	

Conclusions:	 This	 thesis	 provides	 evidence	 that	 eye	 tracking	 behaviour	 can	

measure	some	of	the	variation	in	how	competent	a	user	is,	whether	that	involves	

diagnostic	 tasks	 (reading	 clinical	 data)	 or	 carrying	 out	 a	 clinical	 intervention	

(cardiac	 treatment).	The	 first	 study	conducts	 the	 first	ever	capturing	of	visual	

attention	 measurements,	 from	 a	 set	 of	 nurses	 (with	 varying	 experience	 and	

expertise)	while	reading	and	interpreting	from	a	simulated	vital	signs	monitor.	

The	 data	 collected,	 specifically	 the	 data	 analysis	 of	 eye	 tracking	 metrics,	 has	

shown	 that	 visual	 attention	 and	 the	 Performance	 Level	 for	 this	 specific	 task	

(measured	 by	 performance	 score)	 are	 not	 independent	 of	 each	 other.	 Also,	 a	

subset	 of	 metrics	 from	 the	 eye	 tracking	 data	 can	 accurately	 classify	 the	

interpreter	as	a	novice	or	expert.	The	second	study	captured	a	unique	dataset	

with	psychophysiological	metrics	along	with	a	novel	measurement	of	attentional	

capacity	 recorded	 during	 an	 important	 highly	 skilled	 clinical	 procedure.	

Significant	 differences	 between	 groups	 have	 been	 found	 when	 using	 these	

metrics;	most	notably	the	dwell	%	and	fixation	%	spent	on	the	display	screens.	 	
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1.1 Introduction	

Human	error	is	familiar	to	the	wider	population	as	a	term	for	imperfections	in	

any	walk	of	life	and	the	severity	of	outcomes	from	these	errors	depends	on	the	

setting	and	context	[1].	In	healthcare,	the	level	of	severity	is	unsurprisingly	quite	

high	[2].	To	combat	this,	we	can	capture	how	frequently	these	errors	occur,	how	

costly	they	are	and	finally,	develop	strategies	to	reduce	them	(if	not	stop	them	

outright)	[3].	Knowing	how	to	mitigate	these	errors	in	a	healthcare	setting	is	very	

important.	This	can	be	done	with	strategies	such	as	widespread	systemic	changes	

or	a	direct	applied	focus	on	individual	staff	actions	and	monitoring/observations,	

through	improvements	to	training	and	assessment	[4],	[5].	Both	approaches	have	

their	positive	effects	–	the	difference	being	with	scope	[6].	The	work	in	this	thesis	

is	concerned	with	training	the	individual.	Specifically,	the	improvements	that	can	

be	 made	 to	 training	 and	 assessment	 tools	 for	 individual	 performance	 in	

healthcare	settings.
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1.2 Contribution	Overview	
The	thesis	has	the	following	contributions	to	the	literature	on	simulation-based	

training	 in	medicine	 and	healthcare.	These	 contributions	 are	 also	provided	 in	

more	detail	in	chapter	six.		

	

• Evidence	 that	 eye	 tracking	 can	 be	 used	 for	 distinguishing	 between	

subjects	of	varied	characteristics	in	simulation-based	training	scenarios.	

o A	nurse’s	visual	attention	and	performance	level	for	reading	(and	

interpreting)	vital	 signs	 (measured	by	a	performance	 score)	 are	

not	independent	of	each	other	when	the	eye	tracking	metrics	are	

used	in	a	linear	regression	model.	

o A	subset	of	metrics	 from	eye	tracking	can	accurately	classify	the	

interpreter	as	a	novice	or	expert	using	logistic	regression.	

o Operators	 in	 coronary	 angiography	 show	 significant	 visual	

attention	 differences	 depending	 on	 whether	 they	 are	 novice	 or	

expert	 level.	 Using	 these	 captured	 metrics	 during	 operating	

performance,	 the	 dwell	 %	 and	 fixation	 %	 spent	 on	 the	 display	

screens	were	significantly	different	between	them.	

• Novel	and	unique	collection	of	data	from	the	two	main	studies,	resulting	

in	three	distinct	datasets:	

o 47	participants	with	five	interpretations	in	each	performance	(290	

data	 observations)	 of	 interpreting	 patient	 vital	 signs	 whilst	

recording	eye	 tracking	data.	This	dataset	 includes	101	 temporal	

eye	 tracking	 variables	 for	 each	 interpretation,	 alongside	 their	

performance	 score,	 confidence	 score,	 task	 load	 index	 score,	

average	heart	rate	and	electrodermal	activity.		

o 	14	 operators	 (interventionist	 cardiologists)	 during	 simulated	

coronary	 angiography	 training	 scenarios	 provided	 a	 unique	

dataset	 with	 28	 observations	 (2	 performances	 with	 each	

participant),	 with	 not	 only	 eye	 tracking	 recordings	 but	 also	

psychophysiological	 data	 (e.g.,	 continuous	 heart	 rate,	

electrodermal	 activity	 etc)	 and	 an	 attentional	 capacity	 test	

alongside	those	measurements.	
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• Attentional	Capacity	[7]	while	not	a	focus	of	the	thesis,	was	a	concept	used	

and	experimented	within	the	study	described	in	chapter	5	with	operators	

tracked	 while	 performing	 simulated	 coronary	 angiography.	 This	

component	of	the	experiment	has	added	scientific	knowledge	to	the	study	

of	attentional	 capacity	within	 the	areas	of	psychology,	medical	 training	

and	simulation-based	training.		
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1.3 Research	Aims	and	Objectives	
The	overall	aim	of	the	research	was	to	provide	a	contribution	to	the	area	of	digital	

simulation	in	healthcare	by	providing	results	that	would	help	future	work	in	the	

area	of	augmenting	the	simulator	scenarios	with	sensor-driven	analytics	for	the	

assessment	of	trainees	for	enhanced	insight	and	feedback.	

1.3.1 Rationale	

It	is	the	author’s	belief	that	evidence	could	be	found	to	support	new	technologies	

such	 as	 eye-tracking	 and	 other	 monitoring	 technologies	 augmenting	 with	

computer-based	simulators	as	a	way	of	providing	not	only	qualitative	feedback	

(e.g.,	 for	post-performance	debriefing)	but	also	for	discriminating	between	the	

level	of	performance	that	is	demonstrated	(and	perhaps	distinct	characteristics	

in	the	trainees).	The	rationale	of	the	thesis	is	that	healthcare	simulation	training	

could	be	 improved	by	 adding	psychophysiological	monitoring	 technology	 to	 a	

computer-based	simulator	that	is	used	to	train	healthcare	professionals	in	any	

task	 or	 procedure.	 In	 doing	 so	 it	 provides	 benefit	 to	 not	 only	 the	 trainee	 in	

additional	 feedback	 metrics	 to	 their	 performance	 but	 also	 the	 assessor	 by	

automatically	 detecting	 differences	 in	 competence,	 confidence	 and	 even	

forecasting	errors.	

1.3.2 Assumptions	

A	key	assumption	for	the	work	is	the	mind-eye	hypothesis	[8].	This	states	that	

measurements	of	visual	attention	may	indicate	underlying	cognitive	activity	[9],	

[10],	 [11].	 A	 derived	 assumption	 is	 therefore	 that	 visual	 attention	 can	 be	

indicative	or	correlated	with	the	task	or	procedural	performance	of	doctors	and	

nurses.	Another	is	that	visual	attention	patterns	will	exist	with	different	levels	of	

experience	of	these	tasks	or	procedures.		

1.3.3 Hypotheses	

Hypothesis	 1:	 Computational	 eye	 tracking	 and	machine	 learning	 predicts	 the	

level	of	competence	and	characteristics	of	healthcare	practitioners	interpreting	

patient	diagnostic	information	and	carrying	out	interventions.	
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Hypothesis	 2:	 Computational	 eye	 tracking	 and	machine	 learning	 predicts	 the	

competence	 and	 characteristics	 of	 healthcare	 practitioners	 performing	

therapeutic	procedures.		

1.3.4 Research	Questions	

• What	is	the	current	state	of	eye	tracking	in	healthcare	research	and	has	

any	 published	 work	 been	 shown	 to	 discriminate	 using	 eye	 tracking	

metrics	in	a	healthcare	setting?	

• Can	eye	tracking	metrics	recorded	from	participants	performing	a	clinical	

task	or	procedure	discriminate	the	poor	from	high	level	performers?	

• Can	eye	tracking	metrics	recorded	from	participants	performing	a	clinical	

task	or	procedure	discriminate	between	characteristics	of	the	performer	

regardless	of	performance	level?	As	an	example,	to	discriminate	between	

novices	and	experts	based	on	years’	experience.	

	

1.3.5 Research	Objectives	

1. Perform	a	literature	review	to	understand	the	current	state	of	simulation	

in	 healthcare.	 Additionally,	 in	 this	 review,	 search	 and	 distil	 relevant	

literature	 to	 understand	 the	 current	 standing	 of	 eye	 tracking’s	 role	 in	

assessing	performers	of	healthcare	simulation	scenarios.	This	is	aimed	to	

grasp	what	gaps	exists	for	future	work.	

2. Develop	 and	 conduct	 a	 study	 that	 simulates	 a	 lower-risk	 task	 or	 duty	

while	capturing	visual	attention	with	eye	tracking	technology	and	other	

metrics	if	appropriate.	

3. Develop	 and	 conduct	 a	 study	 that	 simulates	 an	 activity	 in	 higher-risk	

procedures.	 This	 is	 to	 show	 the	 comparison	 between	 lower-risk	 and	

higher-risk	simulation	training	in	healthcare.
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1.4 Research	Outputs	
All	 journal	 articles,	 conference	 papers,	 poster	 presentations	 and	 conference	

abstracts	are	listed/detailed	below.	They	are	also	included,	along	with	the	poster	

presentations	in	Appendix	A.	

	

Journal	Articles	

J.	 Currie,	 R.	 R.	 Bond,	 P.	 McCullagh,	 P.	 Black,	 D.	 D.	 Finlay,	 And	 A.	 Peace,	 “Eye	

Tracking	 the	 Visual	 Attention	 Of	 Nurses	 Interpreting	 Simulated	 Vital	 Signs	

Scenarios:	Mining	Metrics	To	Discriminate	Between	Performance	Level,”	 IEEE	

Trans.	Human-Machine	Syst.,	Vol.	48,	No.	2,	Pp.	113–124,	Apr.	2018.		

Link:	10.1109/THMS.2017.2754880	

	

J.	Currie,	R.	R.	Bond,	P.	McCullagh,	P.	Black,	D.	D.	Finlay,	S.	Gallagher,	P.	Kearney,	

A.	 Peace,	 D.	 Stoyanov,	 C.	 D.	 Bicknell,	 S.	 Leslie,	 And	 A.	 G.	 Gallagher,	 “Wearable	

Technology-Based	Metrics	for	Predicting	Operator	Performance	During	Cardiac	

Catheterisation,”	Int.	J.	Comput.	Assist.	Radiol.	Surg.,	Vol.	14,	No.	4,	Pp.	645–657,	

Apr.	2019.		

Link:	https://doi.org/10.1007/s11548-019-01918-0	

	

Conference	Publications	

J.	Currie,	R.	R.	Bond,	P.	McCullagh,	P.	Black,	and	D.	D.	Finlay,	“VitalSimML	-	A	well-

formed	data	structure	to	Capture	Patient	Monitoring	Scenarios	to	facilitate	the	

training	of	nurses	via	computer-based	simulation,”	in	Computing	in	Cardiology,	

2015,	vol.	42,	pp.	421–424.		(Conference	Article	and	Poster	Presentation)	

Link:	10.1109/CIC.2015.7408676	
	

J.	Currie,	R.	R.	Bond,	P.	McCullagh,	P.	Black,	D.	D.	Finlay,	and	A.	Peace,	“An	Eye-

Tracking	 Assessment	 of	 Coronary	 Care	 Nurses	 during	 the	 Interpretation	 of	

Patient	 Monitoring	 Scenarios,”	 in	 Computing	 in	 Cardiology,	 2016,	 vol.	 43.	

(Conference	Article	and	Oral	Presentation)	

Link:	10.22489/CinC.2016.105-108	

	

Abstracts	and	Poster	Presentations	
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Jonathan	Currie,	Raymond	Bond,	Paul	McCullagh,	Pauline	Black,	Dewar	Finlay,	

“Using	 Eye-Tracking	 Technology	 to	 Capture	 Visual	 Attention	 during	

Interpretation	of	 a	 Simulated	Bedside	Monitor”	 at	 Irish	HCI	 (iHCI)	Conference	

2015.	(Conference	Abstract	and	Poster	Presentation)	

Link:	https://pure.ulster.ac.uk/en/publications/using-eye-tracking-technology-

to-capture-visual-attention-during--3	

	

Jonathan	Currie,	Raymond	R	Bond,	P.	J.	McCullagh,	Pauline	Black,	Dewar	Finlay,	

Aaron	Peace,	“Using	Eye-Tracking	Technology	to	Capture	the	Visual	Attention	of	

Nurses	During	Interpretation	of	Patient	Monitoring	Scenarios	from	a	Computer	

Simulated	 Bedside	 Monitor”	 at	 International	 Society	 of	 Computerized	

Electrocardiology	 (ISCE)	 Conference	 2016.	 (Conference	 Abstract	 and	 Poster	

Presentation)	

Link:	https://pure.ulster.ac.uk/en/publications/using-eye-tracking-technology-

to-capture-the-visual-attention-of--3	

	

Jonathan	 Currie,	Raymond	 R	 Bond,	Paul	 McCullagh,	Pauline	 Black,	Dewar	

Finlay,	“Eye-Tracking	in	Computer-Based	Simulation	in	Healthcare	Training”	at	

Collaborative	European	Research	Conference	(CERC)	2016.	(Conference	Extended	

Abstract	and	Oral	Presentation)	

Link:	 https://pure.ulster.ac.uk/en/publications/eye-tracking-in-computer-

based-simulation-in-healthcare-training-3	

	

Jonathan	Currie,	Raymond	R	Bond,	P.	J.	McCullagh,	Pauline	Black,	Dewar	Finlay,	

Stephen	Gallagher,	Anthony	Gallagher,	Peter	Kearney,	“Attentional	Capacity	and	

Clinical	 Performance:	 Eye	 Tracking	 Cardiologists	 Performing	 Simulated	

Coronary	 Angiography”	 at	 Irish	 HCI	 (iHCI)	 Conference	 2016.	 (Conference	

Abstract	and	Poster	Presentation)	

Link:	 https://pure.ulster.ac.uk/en/publications/attentional-capacity-and-

clinical-performance-eye-tracking-cardio-3	
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1.5 PhD	Thesis	Content	Overview	
This	section	provides	an	abstract	summary	of	each	chapter	that	comprises	this	

work	and	follows	this	introductory	chapter.	The	contents	of	Appendices	A-D	are	

also	summarised.	

	

Chapter	2	-	Literature	Review	

This	chapters	provides	a	review	of	literature	in	the	scope	of	the	thesis	and	the	

key	related	studies	to	those	presented	in	chapters	three,	four	and	five.	

The	approach	to	this	review	was	ad-hoc.	The	general	approach	included	use	of	

textbooks	 and	 literature	 database	 searches	 with	 key	 search	 terms	 such	 as	

Simulation-Based	 Training,	 Computer-Based	 Simulation,	 Eye	 Tracking	 and	

others.	

The	chapter	provides	a	review	of	the	history	and	overview	of	current	standing	of	

simulation-based	 training	 in	healthcare,	 eye	 tracking	 technology	and	presents	

summaries	of	the	key	related	studies.	It	concludes	with	identification	of	the	main	

research	gap,	that	the	studies	do	not	aim	to	discover	how	eye	tracking	could	be	

used	in	the	assessment	(metrics	can	deliver	accurate	prediction)	of	simulation-

based	training	and	where	the	thesis	fits	in	this.	

	

Chapter	 3	 -	 Eye-Tracking	 the	 Visual	 Attention	 of	 Nurses	 Interpreting	

Simulated	Vital	Signs	Scenarios:	Mining	Metrics	 to	Discriminate	Between	

Performance	Level	

The	study	aims	to	determine	if	eye-tracking	technology	can	produce	metrics	that	

can	 be	 used	 to	 automatically	 predict	 the	 performance	 of	 nurses	 whilst	 they	

interact	with	computer-based	simulations.	

A	 series	 of	 simulated	 vital	 signs	 scenarios	 assess	 their	 ability	 at	 this	 task.	 A	

stationary	eye	tracker	records	eye	gaze	behaviour	while	they	interpret	patient	

vital	signs.	Metrics	from	these	recordings	are	analysed	for	significant	differences	

and	a	linear	regression	model	is	attempted.	

The	 most	 discriminating	 eye	 tracking	 metrics	 are	 those	 that	 measure	 visual	

attention	 taking	 place	 away	 from	 on-screen	 vital	 signs.	 High	 performers	 are	

measurably	fixating	less	with	their	initial	fixation	on	non-important	objects.	
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This	is	the	first	ever	capturing	of	visual	attention	measurements,	from	a	set	of	

nurses	while	interpreting	from	a	simulated	vital	sign	monitor.		Visual	attention	

and	performance	for	this	task	are	not	 independent	of	each	other.	Eye	tracking	

metrics	could	be	used	to	predict	a	person’s	performance	when	reading	vital	signs.	

	

Chapter	4	-	Machine	Learning	Classifiers	to	Discriminate	Performance	and	

Characteristics	in	Simulated	Vital	Signs	Scenarios	

Taking	the	investigation	of	this	data	further,	with	a	larger	dataset,	this	chapter	is	

studying	 classification	 accuracy	 where	 the	 target	 variable	 is	 a	 category	 as	

opposed	 to	 a	 continuous	 number	 in	 Chapter	 3.	 In	 practice,	 classification	 and	

scores	are	commonly	both	used	 to	assess	competency	of	 trainees	(e.g.,	degree	

classification	vs.	percentage).	It	may	be	an	assumption	that	classification	could	

perform	better	given	that	there	is	a	reduction	in	possible	outputs.		

The	 main	 objective	 of	 the	 work	 is	 to	 show	 the	 performance	 of	 classification	

models	using	 the	eye	 tracking	metrics	as	 features	 to	 classify	 the	 following	 for	

each	 observation,	 “Which	 group	 (novice/expert)	 does	 this	 (participant	

interpretation)	belong	to?”,	“Is	the	interpretation	a	high	(6-10)	or	low	(0-5)	grade	

score?”,	 “Is	 the	 interpretation	 ‘good’	 (true	 if	 total	 score	 >=	 8)?”	 and	 “Is	 the	

interpretation	‘poor’	(true	if	total	score	<=3)?	“	

In	classifying	the	group	(novice	or	expert)	a	logistic	regression	model	achieved	

an	 accuracy	 of	 91%	 with	 model	 significance	 of	 p=0.0003.	 In	 addition,	 when	

classifying	high	or	low	score	categories,	with	the	scenario	variable	added,	visit	

frequency	as	the	one	eye	gaze	metric	alone	produced	a	logistic	regression	model	

of	p=0.03	significance.	The	rest	of	the	classification	attempts	did	not	produce	any	

models	of	significant	accuracy.	

The	 study	 concludes	 that	 a	 subset	 of	 metrics	 from	 eye	 tracking	 data	 that	

collectively	describe	eye	gaze	behaviour	as	predictors	can	accurately	classify	the	

interpreter	as	a	novice	or	expert.	
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Chapter	5	 -	Wearable	Technology	Based	Metrics	 for	Predicting	Operator	

Performance	During	Cardiac	Catheterisation	

This	 chapter	 describes	 a	 study	 using	 wearable	 technology	 to	 determine	

automated	 metrics	 that	 could	 be	 used	 to	 assess	 operator	 and	 procedural	

performance.	 It	 also	 is	 to	 determine	 if	 a	 visual	 stimulus	 task	 can	 be	 used	 to	

measure	attentional	capacity	and	whether	performance	of	this	task	is	associative	

to	operator	errors.	Both	objectives	were	facilitated	with	a	state	of	the	art,	high-

fidelity,	 full-physics	 VR	 simulator	 providing	 the	 mechanism	 for	 recording	

procedural	performance	of	an	interventional	cardiologist	during	two	attempts.	

Data	was	recorded	from	two	different	groups	of	interventional	cardiologists	to	

test	the	significance	of	metrics	 in	discriminating	between	novices	and	experts.	

Participants	 wore	 eye	 tracking	 glasses	 while	 performing	 the	 simulated	

procedure.	They	also	had	to	track	an	object	on	a	separate	screen	throughout	their	

two	attempts.	

Experts	 had	 greater	 dwell	 time	 on	 the	 x-ray	 which	 perhaps	 indicates	 their	

superiority	 in	 spatial	 awareness	 and	 coordination.	 Experts	 also	 had	 greater	

transitions	between	AOIs	which	could	indicate	their	intention	for	more	frequent	

cross-referencing.	

The	 study	 captured	 a	 unique	 dataset	 with	 psychophysiological	 metrics	 along	

with	a	novel	measurement	of	attentional	capacity	recorded	during	an	important	

highly	 skilled	 clinical	 procedure.	 Significant	 differences	 between	 groups	were	

found	when	using	these	metrics;	most	notably	the	dwell	%	and	fixation	%	spent	

on	the	display	screens.	

	

Chapter	 6	 -	 Summary	 of	 Contributions,	 Preliminary	 Studies	 and	 Future	

Work	

This	chapter	reviews	the	contributions	made	from	the	work	in	chapters	3,	4	and	

5	against	 the	aims	and	objectives	presented	 in	1.3.	This	 includes	discussion	of	

limitations	 of	 the	 work	 and	 how	 future	 work	 could	 improve	 on	 the	 studies	

presented.	In	addition	to	that,	some	preliminary	work	is	discussed,	including	an	

experimental	concept	for	capturing	simulation	scenarios	in	XML.	
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Appendix	A	-	Research	Outputs	

This	appendix	provides	a	list	with	full	details	for	each	publication	made	during	

the	 time	 of	 research	 process,	 including	 journal	 articles	 and	 conference	

publications	(including	conference	abstracts	and	posters).	

	

Appendix	 B	 -	 Eye	 Tracking	 the	 Visual	 Attention	 of	 Nurses	 Interpreting	

Simulated	Vital	Signs	Scenarios:	Study	Details	&	Materials	

This	appendix	provides	extra	transparency	of	the	process	and	materials	for	the	

‘Eye	Tracking	the	Visual	Attention	of	Nurses	Interpreting	Simulated	Vital	Signs	

Scenarios’	 study,	 which	 is	 covered	 by	 Chapter	 3	 and	 4.	 This	 includes	 ethics	

applications	 for	 the	 study,	 the	 documents	 used	 for	 data	 capture	 and	 other	

relevant	material.	

	

Appendix	C	-	Trainee	Nurse	Questionnaire:	Study	Details	and	Materials	

As	part	of	the	‘Eye	Tracking	the	Visual	Attention	of	Nurses	Interpreting	Simulated	

Vital	Signs	Scenarios’	study,	an	opportunity	was	available	to	capture	the	thoughts	

and	opinions	of	student	nurses	currently	involved	in	training	and	how	they	saw	

the	 process	 of	 learning	 the	 duty	 of	 patient	 monitoring,	 specifically	 of	 using	

patient	vital	signs	to	make	decisions	on	the	ward.	This	is	discussed	in	Chapter	6.	

	

Appendix	D	-	Wearable	Technology-Based	Metrics	for	Predicting	Operator	

Performance	During	Cardiac	Catheterisation:	Study	Details	&	Materials	

This	appendix	provides	extra	transparency	of	the	process	and	materials	for	the	

‘Wearable	 Technology-Based	 Metrics	 for	 Predicting	 Operator	 Performance	

During	 Cardiac	 Catheterisation’	 study,	 which	 is	 covered	 in	 Chapter	 5.	 This	

includes	ethics	applications	for	the	study,	the	documents	used	for	data	capture	

and	other	relevant	material.	 	
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Chapter	2 Literature	Review	
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This	chapter	provides	an	ad	hoc	review	of	both	 the	key	concepts	and	also	 the	

related	work	to	the	thesis.	The	approach	to	this	review	chapter	was	an	ad-hoc	

one.	 Retrospectively,	 the	 general	 approach	 included	 use	 of	 textbooks	 (e.g.,	 on	

simulation	in	healthcare)	and	literature	database	searches	with	key	search	terms,	

with	 the	 main	 database	 searching	 sources	 being	 IEEE	 Xplore1,	 Elsevier2	 and	

Google	Scholar3.			

For	these	many	searches	a	combination	of	terms	was	used.	Most	of	these	searches	

included	 Boolean	 searches	 carried	 out	 using	 operators	 like	 ‘AND’	 and	 ‘OR’	 to	

distil	better	search	results.		

The	time	range	criteria	for	searching	were	different	for	each	area	of	review.	As	a	

starting	point	and	underpinning	concept	for	everything	else,	understanding	the	

role	of	patient	safety	had	no	publish	date	limit	placed	on	searches.	The	reviewed	

material	was	simply	 led	by	significance	(advisor	guidance,	commonly	elevated	

published	works	in	peer	written	discussions,	high	citation	count	etc).		

For	the	topic	of	simulation	in	healthcare,	the	sources	were	within	the	published	

date	 period	 of	 2000-2018	 and	 for	 the	 topic	 of	 eye-tracking	 in	 healthcare,	 the	

sources	were	within	 the	publish	date	period	of	2010-2018.	The	 rationale	 and	

approach	behind	these	two	areas	are	discussed	in	more	detail	in	2.6,	which	looks	

at	the	highlighted	key	published	papers	that	this	thesis	looks	to	build	on.	

	
1 https://ieeexplore.ieee.org/Xplore/home.jsp 
2 https://www.elsevier.com/en-gb 
3 https://scholar.google.com 
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2.1 Introduction	
Patient	safety	 is	a	critical	area	of	concern	within	healthcare.	Human	error	 is	a	

well-known	problem	in	medicine	that	can	have	fatal	ramifications	[12].	The	2000	

report	 from	 the	 Institute	 of	Medicine	 (IOM),	 ‘To	 Err	 is	 Human’	 [2],	 became	 a	

catalyst	for	increased	scrutiny	over	the	number	of	injuries	and	deaths	occurring	

as	 a	 result	 of	medical	 (iatrogenic)	 errors.	 The	 report	 revealed	 44,000-98,000	

annual	 US	 deaths	 and	 1,000,000+	 total	 international	 deaths	 as	 a	 result	 of	

preventable	 iatrogenic	 errors	 or	 medical	 mistakes.	 Potential	 solutions	 to	 the	

cause	of	medical	errors	have	been	proposed,	such	as	procedure	checklists	 [3],	

removal	 of	 24-hour	 shifts	 [13],	 improved	 supervision	 of	 junior	 staff	 [14]	 and	

encouragement	for	better	teamwork	involving	safety	critical	tasks	[15].		

Notably,	it	has	also	been	cited	that	an	individual’s	lack	of	knowledge	of	tasks	and	

procedures	can	be	a	significant	factor	with	many	of	the	errors	reported	[4].	Zhang	

et	al.	[16]	stated	that	medical	errors	come	from	within	a	system	hierarchy,	that	

does	 include	 the	 individual.	 They	 argue	 that	 despite	 the	 individual	 not	

necessarily	being	the	root	cause,	they	are	still	the	last	stage	of	the	chain	before	

the	 error	 is	 made,	 meaning	 that	 their	 own	 knowledge	 and	 decision-making	

processes	are	a	significant	factor	in	whether	or	not	that	error	is	prevented.		

Given	that	the	knowledge	required	for	any	healthcare	related	task	(e.g.	following	

a	correct	procedure),	comes	from	an	individual’s	prior	education	(or	training),	

realistic	simulation-based	training	is	another	solution	argued	by	many	to	provide	

improvements	with	acquisition	and	retention	of	this	knowledge	[17],	[18],	[19],	

[20],	[21],	[22].	This	training	can	be	delivered	in	different	forms	and	increasingly,	

we	are	seeing	information	technology	play	a	more	significantly	role	in	medical	

training	 [23],	 [24],	 [25],	 [26].	 One	 of	 the	 more	 interesting	 and	 increasingly	

researched	uses	of	technology	for	this	purpose	is	the	delivery	through	‘screen-

based	simulators’	(including	web	and	mobile	based	simulators),	which	can	offer	

certain	advantages	over	other	modes	of	simulation	[20].	

Low-fidelity	 healthcare	 simulation	 has	 in	 some	 form	 been	 around	 as	 long	 as	

healthcare	 itself	 [27].	 Educators	 in	 the	 past	 have	 relied	 mostly	 on	 patient	

surrogates	 to	 teach	 and	 assess	 their	 students	 (referred	 to	 as	 simulated	

‘standardised’	patients.)	However,	‘training	on	real	patients’	or	doing	your	first	

procedure	on	a	 live	patient	can	be	detrimental	 (for	 the	patient).	Nevertheless,	
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with	the	unprecedented	growth	in	technology	over	the	past	20	years,	there	is	an	

opportunity	to	advance	the	training	methods	using	computer-based	simulation.	
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2.2 Patient	Safety	in	Healthcare	
The	concern	of	patient	safety	has	wide	ranging	effects	in	the	healthcare	systems	

across	the	globe.	Ranging	from	the	ubiquitous	hospital	policies	adopted,	to	the	

niche	areas	like	virtual	reality	(computer)	simulators	for	training	its	staff.	

2.2.1 Before	and	After:	To	Err	is	Human	

Patient	safety	is	critical	within	healthcare	and	human	error	is	a	factor	that	can	

have	fatal	ramifications	[12].	The	coordinated	response	to	this	on	a	global	level	

has	no	better	influence	than	Kohn’s	significant	report	in	1999,	To	Err	is	Human,	

which	detailed	the	issue	with	striking	revelations	[2].	The	report	was	a	catalyst	

for	increased	scrutiny	on	the	number	of	not	only	deaths	but	injuries	and	other	

health	complications	occurring	because	of	errors.	

For	clarity,	for	the	term	‘error’	in	this	context,	we	could	consider	the	following	as	

an	 informal	 explanation:	 a	 preventable	 operational	 or	 observational	 mistake	

made	by	healthcare	staff	(i.e.	doctors,	nurses)	resulting	in	unsatisfactory	and/or	

unexpected	level	of	care.		

In	Kohn’s	report,	To	Err	is	Human,	 ‘medical	error’	 is	defined	succinctly	as	this:	

“…failure	of	a	planned	action	to	be	completed	as	intended	or	the	use	of	a	wrong	plan	

to	achieve	an	aim.”	

In	the	report	they	gave	the	wide	range	of	medical	errors	found	by	their	research.	

The	list	of	scenarios	consisted	of	the	following:	

• Adverse	drug	events.	

• Improper	transfusions.	

• Surgical	injuries.	

• Wrong-site	surgery.	

• Suicides.	

• Restraint-related	injuries/death.	

• Falls.	

• Burns.	

• Pressure	ulcers.	

• Mistaken	Identity	(of	patient).	
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In	addition	to	the	types	of	errors,	the	report	made	it	clear	that	the	location	(or	

setting)	 has	 importance	 as	 well.	 Intensive	 care	 units,	 operating	 tables	 and	

accident	and	emergency	are	the	places	most	likely	to	encounter	a	medical	error.	

The	primary	source	may	be	the	individual’s	performance	or	ability	and	in	other	

cases	primarily	from	systemic	flaws.	Both	have	a	role	to	play	and	can	be	targeted	

for	improvement.	Examples	of	these	targets	can	be	staff	training,	their	working	

conditions	or	the	widespread	hospital	policies.	These	can	also	be	seen	as	moving	

up	 the	 chain/layers	 of	 hierarchy	 (individual	 actions	 =>	 staff	 conditions	 =>	

hospital	policies	and	strategy).	

Training	can	help	improve	the	performance	levels	of	doctors	and	nurses.	It	can	

provide	the	individual	with	knowledge	and	skills	(including	working	with	teams),	

in	 a	 setting	 that	 removes	 the	 risk	 to	 real	 living	 patients.	 After	 the	 training,	 a	

rigorous	assessment	can	provide	much	needed	feedback	to	both	the	trainee	and	

those	tasked	with	monitoring	performance	levels.	Training	as	a	concept,	not	only	

aims	to	provide	the	best	care	available	to	real	patients	but	critically	to	reduce	

human	errors.		

Working	conditions	can	be	improved	to	keep	staff	in	the	best	physical	and	mental	

condition	for	performing	their	duties.	This	can	be	restrictions	on	the	 length	of	

working	shifts	(total	hours	per	day	or	per	week),	the	support	provided	to	the	staff	

or	the	compensation	they	receive.	

Improvements	(changes)	to	hospital	policies	can	be	long	to	implement	but	can	be	

the	most	significant	and	effective	on	how	duties	are	performed.	For	the	purposes	

of	this	thesis,	 the	area	of	computer-based	training	is	 the	focus	that	could	have	

resultant	impacts	on	the	reduction	of	medical	errors	and	the	promotion	of	patient	

safety.	 It’s	noted	that	while	resources	spent	on	training	an	 individual	may	not	

have	 the	 same	widespread	 effect	 (that	 a	 systemic	 change	 can	 provide)	 these	

better	trained	individual	members	of	staff	still	belong	in	the	chain	of	actions	that	

make	up	each	mistake	that	occurs	with	a	patient.	



33	
	

2.3 Simulation-Based	 Training	 in	 Medicine	 and	

Healthcare	
Simulation	can	be	described	as	simply “an	imitation	of	some	real	thing,	state	of	

affairs,	or	process”	[27],	[28]	or	more	descriptively	as	“the	technique	of	imitating	

the	 behaviour	 of	 some	 situation	 or	 process	 (whether	 economic,	 military,	

mechanical	 etc.)	 by	 means	 of	 a	 suitably	 analogous	 situation	 or	 apparatus,	

especially	for	the	purpose	of	study	or	personnel	training”	[29],	[30].	Simulation	

looks	 to	 provide	 a	 platform	 to	 develop	 not	 only	 technical	 skills	 but	 problem-

solving	skills	and	good	use	of	judgement	(typically	under	some	applied	pressure)	

[27].	Simulation-based	training	of	some	form	has	existed	for	centuries,	even	for	

developing	strategies	(origins	of	chess	for	military	strategy	as	an	example)	[31].	

This	 type	of	 tool	 is	 needed	 in	many	 fields	 that	 cannot	 allow	 for	 low-standard	

performance	 by	 its	 practitioners.	 The	 training	 and	 development	 of	 skills	 to	 a	

proficient	 level	 (typically	 set	 by	 expert	 performers)	 can	 only	 be	 truly	

accomplished	 with	 deliberate	 and	 repeated	 practice	 [32].	 Simulation-based	

training	facilitates	this	with	numerous	advantages	over	its	predecessors.	

Two	key	points	of	note	on	why	simulation	has	continued	to	grow:	

(1) The	most	obvious	reason	is	that	like	all	areas	of	society,	the	technological	

revolution	brought	 simulation-based	 training	with	 it.	 From	 its	 origins	

with	physical	models	to	where	it	now	delivers	high-fidelity	virtual	reality	

(software	driven)	practice-focused	platforms.	

(2) The	second	reason	is	that	in	many	fields,	the	stakes	have	risen.	People	as	

a	 group	 are	 demanding	 better	 services	 and	 with	 that,	 they	 require	

enhanced	 performances.	 If	 simulation-based	 training	 is	 proven	 to	

improve	performance	of	practitioners	 in	any	field,	 then	 it	 too	must	be	

improved	over	time.	

Simulation	 grew	 from	 the	 first	 technological	 revolution	 in	 the	 1800s	 [33].	

Nineteenth	century	saw	significant	growth	of	computing	technology,	particularly	

between	 1885	 and	 1895.	 The	 use	 of	 simulation	 for	 teaching,	 assessment	 and	

research	in	healthcare	began	alongside	the	concept	of	healthcare	itself	[34].		

Medical	 education	 grew	 during	 the	 1900s	 from	 the	 standard	 trainee/trainer	

approach	(or	apprenticeship	model)	to	embracing	what	the	scientific	community	
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and	developments	in	technology	could	offer	in	augmenting	and	contributing	to	

this	approach.	This	progressed	 to	 the	use	of	objective	measures	 that	 could	be	

accurately	captured	and	monitored.	These	measures	could	be	of	skills,	behaviour	

or	knowledge	[27].	

2.3.1 Common	Competencies	

Table	2-1	provides	the	reader	with	the	recommended	competencies,	the	required	

skills	to	accomplish	each	competency	and	also	a	common	assessment	choice	as	

dictated	by	the	Accreditation	Council	for	Graduate	Medical	Education	(ACGME)	

toolbox	 of	 assessment	 methods	 [35].	 	 For	 the	 common	 assessment	 choices	

shown,	while	there	might	be	multiple	options	for	each	required	skill	–	for	the	sake	

of	this	brief	overview,	only	the	most	desirable	(according	to	the	ACGME)	is	listed.		

	

Table	 2-1.	 	 Assessment	 Methods	 Based	 on	 Accreditation	 Council	 for	

Graduate	Medical	Education	

Competency	 Required	Skills	
Common	Assessment	

Choices	

Patient	Care	and	

Procedural	Skills	

• Caring	and	respectful	behaviours.	

• Interviewing.	

• Informed	decision-making.	

• Develop	patient	management	plans.	

• Preventative	health	services.	

• Performance	of	routine	physical	exam.	

• Performance	of	medical	procedures.	

• Work	within	a	team.	

Þ Standardised	Patients.	

Þ OSCE.	

Þ Chart-stimulated	recall.	

Þ Chart-stimulated	recall.	

Þ Medical	record	audits.	

Þ Standardised	Patients.	

Þ Simulations.	

Þ 360	evaluations.	

Medical	

Knowledge	

• Investigatory	and	analytic	thinking.	

• Knowledge	and	application	of	basic	

sciences.	

Þ Chart-stimulated	recall.	

Þ MCQ	written	tests.	

Practice-based	

learning	and	

improvement	

• Analyse	own	practice	for	improvement.	

• Use	of	evidence	from	studies.	

• Use	of	technology.		

Þ Portfolios.	

Þ Medical	record	audits.	

Þ 360	evaluations.	

Interpersonal	

and	

• Build	therapeutic	patient	relationships.	

• Listening	skills.	

Þ Standardised	Patients.	

Þ Standardised	Patients.	
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Competency	 Required	Skills	
Common	Assessment	

Choices	

communication	

skills	

Professionalism	
• Respectful,	altruistic.	

• Ethically	sound	practice.	

Þ Patient	surveys.	

Þ 360	evaluations.	

Systems-based	

practice	

• Knowledge	of	practice	and	systems.	

• Cost-effective	care.	

Þ MCQ	written	tests.	

Þ 360	evaluations.	

	

2.3.2 Simulation	Modalities	

For	types	of	simulation-based	training	 in	medicine	and	healthcare,	 there	are	a	

number	of	categories.	The	four	main	categories	are	the	following:	

• Standardised	Patients	

• Manikin-Based	Simulation	

• Computer-Based	Simulators	

• Haptic	Simulators	and	Virtual	Reality	

The	last	of	which,	can	be	particularly	useful	for	repeated	practice	[36].	Each	of	

these	will	be	briefly	discussed	here	to	explain	their	purpose	and	how	they	fit	in	

the	education,	training	and	assessment	of	medical	and	healthcare	trainees.	

2.3.2.1 Standardised	Patients	
This	 concept	was	developed	by	Dr.	Howard	Barrows	 in	 the	1960s	 [37].	 It	has	

become	 a	 popular	 choice	 in	 healthcare	 for	 evaluating	 skills.	 In	 fact,	 it	 is	

considered	 the	 ‘method	 of	 choice’	 for	 evaluating	 three	 of	 the	 ‘six	 common	

competencies’	[38].	These	are	individuals	trained	to	portray	a	patient	in	order	to	

(typically)	evaluate	or	train	a	trainee	(in	various	healthcare	disciplines)	for	their	

clinical	 skills,	 procedures	 or	 duties.	 It	 has	 evolved	 from	 its	 inception	 as	 an	

informal	tool	to	now	a	highly	effective	type	of	simulation.	It	is	used	today	for	a	

wide	 range	 of	 training	 and	 evaluations	 for	 various	 competencies	 expected	 of	

healthcare	staff.	Part	of	its	conception	was	Barrows	learning	the	flaws	of	using	

real	 patients	 for	 this	 training	 and	 assessment	 activity	 (even	 with	 low-risk	

actions).	It	was	noted	that	patients	would	tire	and	would	alter	their	responses	

depending	who	they	were	speaking	to,	what	time	of	the	day	it	took	place	and	lots	
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of	other	conditions.	All	of	these	issues	had	the	potential	to	negate	the	value	of	the	

training	or	the	assessment.	Consistency	is	important	and	it	was	recognised	that	

a	more	feasible	tool	was	required.	The	coaching	of	individuals	to	correctly	‘act’	as	

if	 they	had	 a	 particular	 condition	was,	 perhaps	 counter-intuitively,	 a	 superior	

method.	The	concept	of	a	standardised	patient	was	not	without	its	critics	in	the	

beginning,	gaining	acceptance	at	a	slow	rate	but	became	a	common	tool	that	we	

see	 today,	 not	 only	 in	medicine,	 but	 in	 law	 (simulated	 legal	 cases)	 and	 other	

domains.	

2.3.2.2 Manikin-Based	Simulation	
In	addition	to	using	‘drama’	for	simulated	scenarios,	many	areas	of	simulation-

based	 training	 use	manikins	 for	 emulating	 procedures	 and	 for	 observing	 the	

performance	of	 trainees.	A	manikin	 is	a	human-like	 figure,	but	 they	often	 lack	

high	fidelity	that	would	be	convincing	of	a	real	person.	However,	there	are	a	wide	

range	of	mannikin	used	varying	from	static	unresponsive	manikins	to	manikins	

that	are	dynamic	and	emulate	breathing	and	cardiac	functioning	(even	allowing	

electrocardiogram	and	echocardiogram	assessments)	[39].		

The	 latter	 type	 of	 manikin	 is	 expensive	 whereas	 the	 former	 are	 affordable.	

Manikin	enabled	simulation-based	training	have	been	used	to	train	healthcare	

professionals	 to	 properly	 position	 electrodes	 when	 performing	 a	 12-lead	

electrocardiogram	[40],	tasks	in	the	intensive	care	unit	[5],	to	competently	use	

defibrillators	 	 and	 perform	 CPR,	 to	many	 other	 areas	 in	 healthcare.	 They	 are	

known	 to	 be	 an	 effective	 method	 for	 teaching	 and	 practicing	 certain	 tasks.	

However,	 the	main	disadvantage	of	both	standard	patients	and	manikin-based	

simulation	is	that	they	are	not	readily	available	24/7	to	trainees	for	the	continual	

rehearsing	of	tasks.	This	therefore	provided	the	opportunity	for	computer-based	

assessment.	

2.3.2.3 Computer-Based	Simulation	
The	majority	of	simulation	taking	place	in	medical	education	today	involves	the	

use	of	full-scale	computer-driven	manikins	that	are	capable	of	portraying	human	

physiology	 in	 a	 realistic	 clinical	 environment.	 There	 are	 a	 number	 of	 key	

attributes	to	computer-based	simulations.	

Key	attributes:	
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• Easy-to-use	graphical	user	interface.	

• Models	and	states	to	predict	simulated	patient	responses.	

• Automated	help	system.	

• Automated	debriefing	and	scoring.	

• Automated	case	record.	

• Case	library.	

• Learning	management	system	compatibility.	

An	area	nursing	simulation	has	looked	to	in	recent	years	is	simulation	provided	

by	 the	 web.	 In	 the	 age	 of	 the	 internet,	 there	 are	 significant	 advantages	 to	

leveraging	the	power	of	the	web	for	your	trainees/students.	In	the	2014	review	

paper	by	Cant	and	Cooper,	they	refer	to	this	as	‘e-simulation’	[20].	The	term	‘e-

simulation’	is	said	to	be	an	emerging	technology	that	can	enhance	and	widen	the	

teaching	approach,	using	a	goal-driven	digital	activity	using	a	computer	screen	

[41].	 The	 main	 driver	 of	 this	 approach,	 ignoring	 the	 increasingly	 superior	

software	technologies	developed	for	the	web,	came	along	with	the	increases	in	

internet	speeds	and	lower	costs	involved	[42].	E-Learning	as	a	concept	has	grown	

significantly	 in	 the	past	couple	of	decades	[43],	 [44],	originally	mainly	used	to	

disseminate	 information	 and	 provide	 discussion	 amongst	 the	 trainees	 [45].	

Computer	based	simulation	can	 indeed	be	part	of	 an	e-learning	platform	as	 it	

provides	 dynamic	 scenarios	 that	 users	 can	 interact	 with.	 However,	 many	

applications	 of	 computer-based	 simulation	 have	 been	 progressed	 beyond	 the	

display	screen.	Many	examples	of	virtual	reality,	augmented	reality	and	mixed	

reality	 technologies	 have	 been	 studies	 by	 researchers	 to	 provide	 simulation-

based	training	[46].	Virtual	reality	simulation	has	been	researched	for	providing	

training	 for	 clinical	 resuscitation	 [23],	 defibrillator	 training	 [47]	 and	 surgery	

[46].		

Moreover,	virtual	 reality	 simulation	has	been	enhanced	by	sensors	and	haptic	

feedback	technologies	to	increase	’touch	and	feel’	fidelity	of	the	user	experience.	

A	good	example	of	a	system	that	combines	hardware,	haptic	 technology	and	a	

virtual	 environment	 is	 the	 Mentice	 system	 for	 simulating	 catheterisation	

procedures	 [48].	 This	 area	 of	 simulation	 is	 known	 as	 ‘Haptic	 Simulation	 and	

Virtual	Environments’.					
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Table	 2-2	 provides	 a	 summary	 of	 the	 aforementioned	 common	 types	 of	

simulation	 along	 with	 some	 key	 points.	 The	 following	 sections	 provide	 a	

summary	of	the	research	in	simulation-based	training	in	nursing	and	healthcare.		
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Table	2-2	Simulation	Modalities	

Types	of	

Simulation	
Key	Information	

Standardised	

Patients	

• Developed	by	Dr	Howard	Barrows	in	1964	[37]	

• Originally	called	the	‘programmed	patient’	by	Barrow	(or	‘simulated	

patient’)	and	can	be	seen	referred	to	as	the	abbreviation	SP	in	the	

literature.	

• This	uses	trained	performers	to	act	as	patients	for	set	scenarios	in	order	

to	evaluate/assess	the	skills	of	a	nurse	in	training.	

• Popular	in	healthcare	and	considered	good	for	evaluating	three	of	the	six	

common	competencies	[38].	

Manikin-based	

Training	

• Ranging	from	inexpensive	static	unresponsive	manikins	to	high	fidelity	

dynamic	manikins	that	response	to	the	trainee	interactions.		

• Not	available	to	trainees	outside	of	the	training	centre	

• Often	lacks	fidelity	

Computer-

based	

Simulation	

• Can	be	available	to	users	24/7	

• Can	be	automatically	dynamic	and	generate	new	novel	scenarios	

• Can	automatically	assess	trainees	

• Commonly	lacks	the	tactile	and	haptic	components	of	other	types	of	

simulation.	

Haptic	

Simulators	and	

Virtual	Reality	

Environments	

• Provides	full	physics	simulations	of	haptic	and	visual	emulations	

• Can	be	automatically	dynamic	and	generate	new	novel	scenarios	

• Can	automatically	assess	trainees	

• Not	normally	available	to	trainees	outside	of	the	training	centre	

• Can	be	expensive	
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2.4 Eye-Tracking	Technology	
Whilst	the	previous	sections	provide	an	overview	of	simulation-based	training	in	

healthcare,	 the	 following	 sections	 provide	 an	 overview	 of	 computational	 eye	

tracking	 technology.	 	 Figure	 2-1	 depicts	 the	 anatomy	 of	 the	 eye	 to	 provide	 a	

landscape	for	the	concepts	detailed	later	in	this	section.		

	

	
Figure	2-1	Anatomy	of	the	Eye	

	

The	 earliest	 eye-trackers	 we	 know	 of	 were	 created	 in	 the	 1800s	 [49].	 The	

technical	sophistication	was	limited	and	comfort	for	the	subject	was	concerning.	

An	 early	 example	 is	 the	work	of	Edmund	Huey	 in	1898,	who	used	 something	

similar	to	a	contact	lens	with	a	hole	for	the	pupil.	He	also	used	a	bite-bar	with	

partial	cooled	sealing-wax	which	joined	with	a	mouth-piece,	making	sure	that	the	

subject’s	head	movement	was	limited	as	possible	[50].	The	lens	was	connected	to	

a	pointer	which	responded	to	the	eye	movement.	Huey’s	work	involved	studying	

regressions	[51]	and	showing	that	not	all	words	in	a	sentence	are	fixated	upon.	

Another	 piece	 of	 work	 was	 reported	 in	 the	 same	 year,	 with	 Delabarre	

anaesthetizing	the	subject’s	eyeball	and	attaching	a	‘Paris’	ring	to	mechanically	

track	eye	movements	[52].	

Then	 in	 1908,	 an	 innovation	 of	 using	 photography	 to	 capture	 reflections	 of	

external	light	sources	from	the	fovea,	was	introduced	by	Dodge	and	Cline	[53].	
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This	 allowed	 a	more	 non-invasive	 approach	 to	 eye	 tracking	 and	 for	 studying	

visual	attention.		

Since	 then,	 a	 number	 of	 tools	 and	 techniques	 have	 been	 used	 over	 the	 past	

century.		

Some	examples	of	these	are:	

• Lens	systems	with	mirrors	[54].	

• Electromagnetic	coil	systems	[55].	

• Electrooculography	(EOG)	[56].	

• Dual	Purkinje	systems	[57].	

Eye-tracking	is	the	process	of	measuring	eye	movements	to	determine	where	an	

individual	is	looking	and	for	how	long.		Eye-tracking	was	first	used	in	research	to	

observe	 the	 eye	 movements	 made	 when	 reading	 text.	 Ahrens	 developed	 an	

invasive	eye-tracking	system	in	the	early	1900s.	This	system	consisted	of	an	ivory	

suction	cup	placed	on	the	eyeball,	with	attached	bristles	which	changed	position	

as	the	eye	moved	[58].	American	psychologist,	Huey,	later	refined	this	technique,	

creating	 the	 suction	 cup	 from	 plaster	 [59],	 stabilising	 the	 head	 to	 reduce	 the	

influence	 of	 head	movements,	 and	 ensuring	 calibration	 before	 recording	was	

made	[51].		

The	first	non-invasive	method	of	eye-tracking	was	reported	by	Dodge	and	Cline	

[53].	Their	device,	named	the	Dodge	Photochronograph,	recorded	light	reflected	

by	the	cornea	onto	a	photographic	plate	and	produced	a	trace.	Eye	movements	

are	recorded	 from	the	bottom	of	 the	 trace	 to	 the	 top,	and	eye	movements	are	

indicated	by	horizontal	displacements	[60].			

Modern	 eye	 tracking	 continues	 to	 use	 this	 method	 of	 recording	 corneal	

reflections,	now	using	near	infrared	light	and	high-definition	cameras	to	record	

eye	movements.	

A	 number	 of	 metrics	 are	 available	 for	 analysis	 which	may	 give	 insight	 to	 an	

individual’s	cognition.		For	example:	

• Scan	Path:	A	study	of	eye-tracking	in	the	1970s	reported	that	individuals	

fixate	 on	 areas	 of	 interest,	 and	 their	 scan-path	 (their	 sequential	 eye	

movements)	show	the	order	of	eye	movements	over	these	regions	varies	
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[61].	Analysis	of	scan	path	shows	researchers	where	users	pay	particular	

attention.		

• Number	of	fixations:	The	number	of	fixations	is	negatively	correlated	with	

search	 efficiency	 [62],	 [63].	 In	 addition,	 the	 number	 of	 fixations	 on	 a	

particular	 area	 of	 interest	 should	 infer	 the	 importance	 of	 that	 element	

[64].		

• Fixation	duration:	For	example,	the	longer	the	fixation,	the	more	likely	that	

an	individual	has	difficulty	understanding	the	element	under	observation	

[64].		

Eye-tracking	technology	is	often	used	in	advertising	and	HCI	research	to	measure	

the	 visual	 attention	 and	 visual	 hierarchy	 of	 a	 user	 interface.	 In	 healthcare	

research,	eye-tracking	is	used	in	medical	training	and	surgical	procedures	[65],	

[66],	 [67],	 and	 as	 a	method	 of	 debriefing	 in	 simulation	 training	 [68]–[70].	 In	

addition,	 eye-tracking	has	 been	used	 to	measure	nurses’	 visual	 distraction	 on	

medical	wards	[71],	[72].	Eye-tracking	glasses	have	also	been	used	to	assess	the	

safety	of	a	paramedic	student	when	using	a	pre-hospital	defibrillator	[73].		

Over	 time	 the	 use	 of	 eye-tracking	 research	 has	 developed	 an	 increasing	

understanding	of	visual	attention’s	link	to	cognitive	processes.		

Two	considerations	underpin	the	developing	of	eye	tracking	as	a	technology.		

Firstly,	to	make	it	as	natural	as	possible	for	the	participant	or	subject	user	of	the	

technology.	 This	 is	 typically	 done	 by	 removing	 the	 constraints	 that	 effect	 the	

person	being	recorded.	

Secondly,	to	make	the	data	analysis	easier	for	the	researcher	or	practitioner	of	

the	technology.	This	means	to	make	the	technology	as	accurate	as	possible	with	

its	measurements.	And	to	provide	complimentary	data	analysis	tools	that	are	not	

only	as	capable	as	possible	but	also	pain-free	as	possible	for	the	researcher.	

An	example	of	the	latter	is	forms	of	automatic	processing	of	data	(e.g.	providing	

a	 generated	 heatmap	 of	 the	 subject’s	 visual	 attention	 on	 a	 chosen	

stimuli/surrounding-area	–	without	the	researcher	having	to	manually	process	

the	data	required	to	visualise	it.)	

Below	in	Table	2-3	the	key	eye	tracking	metrics	are	detailed,	with	definitions	and	

a	short	summary	of	insight	typically	found.		 	
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Table	2-3:	Eye	Tracking	Metric	Definitions	and	Insight	

Eye	Tracking	Metric	 Definition	 Insight	[49]	

Time	to	First	Fixation	(s)	

How	long	it	takes	before	a	

participant	fixates	on	an	

AOI	for	the	first	time.	

Indicates	the	search/scan	path	

(e.g.	top	to	bottom)	of	the	

participant	and	generally	the	

shorter	time	taken,	the	higher	

efficiency	of	finding	the	AOI.	

Fixations	Before	

Number	of	times	the	

participant	fixates	on	the	

media	before	fixating	on	an	

AOI	for	the	first	time.	

N/A.	

First	Fixation	Duration	(s)	
Duration	of	the	first	

fixation	on	an	AOI.	

Usually	reflects	the	time	taken	

for	recognition	and	

identification	of	an	object.	

Fixation	Duration	(s)	

Mean	duration	of	

individual	fixations	within	

an	AOI.	
Generally	longer	fixations	equal	

deeper	and	effortful	processing.	

Total	Fixation	Duration	(s)	
Sum	of	the	duration	for	all	

fixations	within	an	AOI.	

Fixation	Count	

Number	of	times	the	

participant	fixates	on	an	

AOI.	

Significantly	more	fixations	land	

on	semantically	informative	

areas.	

Visit	Duration	(s)	

Mean	duration	of	

individual	visits	within	an	

AOI.	

Insight	from	this	appears	to	

depend	on	the	semantics	of	the	

object	and	the	task	of	

participant.	Usually	sensitive	to	

slow	and	long-term	cognitive	

processes.	

Total	Visit	Duration	(s)	
Duration	of	all	visits	within	

an	AOI.	

Visit	Count	
Number	of	visits	within	an	

AOI.	

Sensitive	to	semantic	

informativeness.	
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2.5 Data	Science	and	Machine	Learning	
In	this	section	the	concepts	and	practices	of	data	science	and	machine	learning	

are	discussed.	

2.5.1 The	Concept	of	Data	Science	

Data	science	as	a	concept	can	be	seen	and	described	in	different	ways	depending	

on	 the	 user,	 company	 or	 institution	 practicing	 it.	 Readers	 will	 often	 see	 its	

presence	 in	mainstream	publications	 in	 the	 form	of	 related	 terms	such	as	 ‘big	

data’,	 ‘Artificial	 Intelligence’	 (AI)	 and	 ‘machine	 learning’	 which	 not	 being	

necessarily	specific	 to	data	science,	 can	 involve	similar	processes	 [74]–[76].	 It	

can	 be	 described	 as	 the	 process	 of	 deriving	 insight	 from	 unstructured	 and	

structured	data	and	then	the	application	of	that	insight	into	various	domains	[77].	

It	can	also	be	said	that	data	science	is	a	concept	to	‘unify‘	statistics,	data	analysis,	

informatics,	and	their	related	methods	in	order	to	understand	and	analyse	actual	

phenomena	with	data	[78].	

	

Case	Example:	Airbnb	

As	 an	 example,	 the	 popular	 lodging	 and	 vacation	 rental	 company	 Airbnb4	

describes	their	data	science	process	as	a	mandate	for	their	team	to	use	data	in	

their	decision-making	[79]:	

 “Data	 scientists	 at	 Airbnb	 are	 responsible	 for	 many	 tasks	 to	

empower	the	company	to	be	more	data	informed	-	we	instrument	

logs,	 build	 data	 pipelines,	 define	 metrics,	 develop	 education	

resources,	 build	 internal	 data	 tools,	 and	 create	 reports	 and	

dashboards.”	

	

With	 these	 descriptions	 in	 mind,	 a	 consensus	 should	 be	 that	 data	 science	 is	

derived	 from	 the	 field	 of	 statistics	 and	 almost	 always	 includes	 computer	

programming	 and	 some	 application	 of	 machine	 learning	 algorithms	 (if	 not	

development	of	said	algorithms	as	well).	

	
4 https://www.airbnb.co.uk 
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2.5.2 Pipelines	in	Data	Science	

A	 pipeline	 in	 data	 science	 can	 be	 seen	 as	 similar	 to	 a	 software	 development	

lifecycle	 or	workflow	 in	 software	 engineering.	 In	 a	 broader	 scope,	 it	 could	 be	

likened	to	workflows	for	any	manufacturing,	such	as	Kanban	[80].		

	

2.5.2.1 CRISP-DM	
The	pipelines	for	data	science	include	the	cross-industry	process	for	data	mining	

(CRISP-DM),	the	most	widely	used	pipeline	model	[81].	It	breaks	down	into	six	

phases	[82]:		

1. Business	Understanding	

2. Data	Understanding	

3. Data	Preparation	

4. Modelling	

5. Evaluation	

6. Deployment	

	

1. Business	Understanding	

The	first	phase	which	seeks	factors	including	the	success	criteria	and	objectives	

for	both	 the	business	and	 the	data	mining.	Additionally,	 the	 requirements	are	

formed	 here	 alongside	 consensus	 of	 the	 business	 terminology	 and	 array	 of	

technical	terms.	

	

2. Data	Understanding	

This	phase	is	concerned	with	data	collection.	Then	with	checking	the	quality	of	

the	data	and	then	exploring	the	data	to	get	an	insight	that	could	form	hypotheses	

for	hidden	information.	

	

3. Data	Preparation	

This	phase	focuses	on	selection	and	preparation	of	final	data	set.	It	could	include	

attributes	selection	as	well	as	cleaning	and	transformation	of	data.	
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4. Modelling	

This	phase	is	focused	on	process	selection	and	application	of	various	modelling	

techniques.	Different	parameters	will	be	set,	and	different	models	will	be	built	for	

same	data	mining	problem	for	evaluation	which	comes	next.	

	

5. Evaluation	

The	 fifth	 piece	 is	 concerned	 with	 evaluation	 of	 those	 built	 models	 and	 then	

decision	of	how	to	best	use	the	results.	Interpretation	of	the	model	also	depends	

upon	the	algorithm	use.	

	

6. Deployment	

The	final	phase	is	to	determine	the	use	of	the	obtained	results	(or	knowledge).	As	

a	 final	 step,	 the	 gained	 results	 are	 organized,	 reported	 and	 presented	 to	 the	

relevant	stakeholders.	

	

2.5.2.2 KDD	
Another	 pipeline	 used	 is	 known	 as	Knowledge	Discovery	 in	Databases	 (KDD)	

[83].	 This	 method	 involves	 an	 extraction	 of	 the	 hidden	 knowledge	 within	

databases.	 The	 KDD	 model	 is	 iterative	 and	 interactive	 in	 nature	 and	 it	 is	

recommended	 that	 some	 prior	 knowledge	 and	 understanding	 of	 application	

domain	(and	goals)	is	in	place	before	choosing	this	pipeline	approach	[82].	It	has	

nine	phases:	

• Developing	and	Understanding	of	the	Application	Domain	

• Creating	a	Target	Data	Set	

• Data	Cleaning	and	Pre-Processing	

• Data	Transformation	

• Choosing	the	Suitable	Data	Mining	Algorithm	

• Employing	Data	Mining	Algorithm	

• Interpreting	Mined	Patterns	

• Using	Discovered	Knowledge	
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Developing	and	Understanding	of	the	Application	Domain	

Application	 domain	 and	 prior	 knowledge	 is	 developed	 from	 the	 customer’s	

viewpoint	and	informs	the	goals	of	the	project.	

	

Creating	a	Target	Data	Set	

Using	a	subset	of	data	or	variables,	a	target	data	set	is	created	to	be	used	later	

with	knowledge	discovery.		

	

Data	Cleaning	and	Pre-Processing	

Produce	consistent	data	without	any	noise	or	inconsistency.	Different	strategies	

to	accomplish	this	can	be	discussed	at	this	stage.	

	

Data	Transformation	

Different	 forms	 of	 transformation	 and	 reduction	 is	 performed	 on	 the	 data	 to	

allow	easier	use	with	data	mining	algorithms.		

	

Choosing	the	Suitable	Data	Mining	Task	

Depending	on	the	goals	that	were	defined	from	the	start,	 the	appropriate	data	

mining	task	is	chosen.	Examples	being	classification,	clustering	or	regression.	

	

Choosing	the	Suitable	Data	Mining	Algorithm	

Having	chosen	the	data	mining	task	(e.g.,	classification,	regression),	one	or	more	

mining	 algorithms	 are	 selected	 to	 search	 for	 patterns	 in	 the	 data.	With	many	

algorithms	available,	it	is	recommended	to	revisit	the	initial	goals	and	criteria	for	

assistance	in	selection.	

	

Employing	Data	Mining	Algorithm	

Simply	the	step	where	the	algorithms	are	implemented.	

	

Interpreting	Mined	Patterns	

An	 evaluation	 of	 the	 patterns	 that	 emerge	 from	 the	 previous	 step.	 This	 could	

involve	visualisation	to	assist	interpretation.	
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Using	Discovered	Knowledge	

The	last	step	where	the	knowledge/results	gained	are	put	to	use	for	the	original	

desired	 purpose.	 The	 results	 can	 be	 reported,	 presented	 or	 even	 used	within	

another	system.	

	

2.5.2.3 Comparison	of	Pipelines:	CRISP-DM	vs	KDD	
Studying	the	two	pipeline	approaches	it	becomes	clear	that	a	high	percentage	of	

the	same	activities	are	performed	in	both.	The	main	difference	appears	to	be	that	

KDD	is	 involving	a	more	granular	or	fragmented	approach.	An	example	of	this	

being	that	“Choosing	the	suitable	Data	Mining	Task”,	“Choosing	the	suitable	Data	

Mining	Algorithm”	and	“Employing	Data	Mining	Algorithm”	of	KDD	can	involve	

similar	 activities	 to	 that	 of	 “Modelling”	 in	 CRISP-DM.	 In	 conclusion	 it	 would	

appear	both	approaches	work	very	well	to	achieve	data	science	project	goals	but	

some	data	scientists	or	data	miners	take	a	view	that	the	KDD	approach	is	more	

‘clear	and	accurate’	[82].	

2.5.3 Exploratory	Data	Analysis	

Historically	 as	 a	 part	 of	 the	 field	 of	statistics	 is	exploratory	 data	 analysis	

(EDA).	This	is	an	approach	to	analyse	collected	datasets	with	a	goal	to	summarise	

their	main	characteristics.	This	often	 involves	using	data	visualization	tools	 to	

plot	the	data	for	visual	interpretation.	Statistical	tests	(e.g.,	correlation	testing)	

and	statistical	models	can	be	used	or	not,	but	the	primary	purpose	of	EDA	is	for	

seeing	what	the	data	can	tell	us	without	modelling	or	hypothesis	testing.	

	

2.5.3.1 Data	Visualisation	
In	most	circumstances	when	wishing	to	visually	examine	and	analyse	data,	the	

data	 visualisation	 (graphic	 display	 of	 data)	 choices	 come	 in	 the	 form	 of	

Histograms,	Scatterplots	and	Boxplots.	

Histogram5	 is	 a	 type	 of	 plot	 to	 show	 an	 approximate	 representation	 of	

the	distribution	of	numerical	data.	Histograms	are	often	thought	to	be	the	same	

	
5 https://en.wikipedia.org/wiki/Histogram 
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as	 bar	 charts,	 but	 a	 histogram	 is	 used	 for	 continuous	 data,	 where	 the	 bins	

represent	ranges	of	data,	while	a	bar	chart	is	a	plot	of	categorical	variables.	You	

can	see	an	example	of	this	in	Figure	4-1	where	the	distribution	of	performance	

scores	by	participants	if	displayed. 

Scatterplot6	is	a	type	of	plot	using	coordinates	to	display	values	for	typically	two	

variables	for	a	set	of	data	to	visualise	a	relationship	between	the	two.	You	can	see	

an	 example	 of	 this	with	 Figure	 5-2	where	 operating	 errors	 by	 participants	 is	

analysed	against	their	performance	at	card	count	task.	

Boxplots7 graphically	depict	groups	of	numerical	data	through	their	quartiles.	

They	 also	 typically	 have	 lines	 extending	 from	 the	 boxes	 called	 whiskers,	

indicating	variability	outside	the	upper	and	lower	quartiles,	hence	the	terms	box-

and-whisker	 plot.	Outliers	may	 be	 plotted	 as	 individual	 points.	 The	 box	 plot	

allows	for	the	efficient	examination	of	data	sets.	You	can	see	an	example	of	this	

with	Figure	3-3.	

 

2.5.3.2 Initial	Data	Analysis:	Data	Cleaning	and	Transformation	
Initial	 Data	 Analysis	 (IDA)	 is	 encompassed	 by	 EDA.	 In	 IDA,	 the	 data	 scientist	

typically	avoids	analysis	that	is	aimed	at	answering	research	questions.	The	main	

concerns	are	with	the	quality	of	the	data	collected.	Questions	typically	asked	are:	

o Are	 there	 outliers	 in	 the	 dataset?	 If	 so,	 does	 it	matter?	 Should	 they	 be	

removed	before	progressing?	

o Are	there	any	inconsistencies	with	how	the	data	is	recorded	for	each	data	

point?	

o Are	there	missing	data	observations?	If	so,	should	a	method	for	replacing	

these	 missing	 values	 be	 applied	 (e.g.,	 replaced	 with	 column/variable	

mean	or	average)	or	should	they	be	removed	from	further	analysis?	

In	addition	to	quality,	it	might	be	a	case	of	seeing	an	opportunity	to	transform	

variables	where	appropriate	(e.g.,	Square	root	transformation	-	if	the	distribution	

differs	moderately	from	normal)	but	this	will	be	on	a	case-by-case	basis.	

	
6 https://en.wikipedia.org/wiki/Scatter_plot 
7 https://en.wikipedia.org/wiki/Box_plot 
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Another	 example	 might	 be	 turning	 a	 continuous	 variable	 into	 a	 categorical	

variable	if	it	makes	sense.	

	

2.5.3.3 Correlation	and	Hypothesis	Testing	
As	 mentioned	 previously,	 statistical	 tests	 and	 hypothesis	 testing	 is	 not	

necessarily	required	for	EDA,	but	it	is	still	commonly	part	of	the	process.	

Before	 performing	 either	 of	 these	 types	 of	 test,	 the	 starting	 point	 should	 be	

checking	the	distribution	of	the	data	you	wish	to	test.	Even	or	uneven	distribution	

changes	 the	 ideal	 choice	 of	 correlation	 or	 hypothesis	 test	 you	 should	 run.	 To	

begin,	you	can	plot	a	histogram	as	mentioned	in	2.5.3.1	to	visually	see	the	spread	

of	data	points.	A	test	such	as	Shapiro-Wilk8	can	be	performed	on	the	data	variable	

to	check	the	distribution	(if	p=<0.05	data	is	not	normally	distributed).	

For	 testing	 the	 correlation	 of	 variables,	 checking	 the	 normality	 of	 the	 data	 as	

described	above	 is	 important	 and	 should	 the	data	points	 suggest	normality,	 a	

Pearson’s	 correlation	 coefficient9	 calculation	 is	 suggested.	 This	 is	 due	 to	

Pearson’s	 correlation	 being	 sensitive	 to	 outliers.	 With	 non-normal	 data,	 it	 is	

suggested	to	use	Spearman’s	rank	correlation	coefficient10	as	it	 is	more	robust	

with	uneven	data	with	potential	outliers.	Correlation	strength	can	be	described	

on	a	scale	of	-1	(strong	negative	correlation)	to	+1	(strong	positive	correlation).	

For	hypothesis	testing,	where	you	wish	to	confirm	if	the	difference	of	a	variable	

between	 groups	 is	 statistically	 significant,	 should	 the	 variable	 (e.g.	 scores	

between	two	groups)	show	normal	distribution,	a	student’s11	t-test	would	be	a	

suggested	calculation	to	use.	Otherwise	with	a	non-normally	distributed	dataset,	

a	suggested	statistical	test	might	be	a	welch12	t-test.		

	
8 https://en.wikipedia.org/wiki/Shapiro–Wilk_test 
9 https://en.wikipedia.org/wiki/Pearson_correlation_coefficient 
10 https://en.wikipedia.org/wiki/Spearman%27s_rank_correlation_coefficient 
11 https://en.wikipedia.org/wiki/Student%27s_t-test 
12 https://en.wikipedia.org/wiki/Welch%27s_t-test 
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2.5.4 Feature	Engineering	

Feature	 engineering	 can	 be	 described	 as	 the	 process	 of	 using	domain	

knowledge	to	extract	new	features	from	a	collection	of	raw	data.	A	selection	of	

feature	engineering	methods	is	listed	below.		

Feature	Selection	Techniques		

o Handcrafted	

o Wrapper	Method	

o Random	Forest	

o Entropy	(IG)	

o Chi-square	test	

o Boruta	

o Shap	values	

o Logistic	Regression	(Odds	Ratios)	

These	are	extracted	values	that	can	be	used	in	place	of	nominal	variables	from	

the	original	dataset	for	prediction	or	classification	modelling.	

2.5.5 Machine	Learning	

“Machine	 learning	 is	 a	 branch	 of	artificial	 intelligence	 (AI)	and	

computer	science	which	focuses	on	the	use	of	data	and	algorithms	

to	 imitate	 the	way	 that	 humans	 learn,	 gradually	 improving	 its	

accuracy.”	[84]	

Machine	learning	is	an	important	tool	for	two	distinct	areas	of	today’s	world.	One	

being	an	ever-growing	mass	of	data	collected	by	companies	and	researchers	that	

cannot	 be	 processed	 or	 interpreted	 in	 its	 entirety	 without	 assistance	 from	

algorithms	that	can	work	without	assistance.	The	other	is	that	for	researchers,	

machine	learning	with	its	iterative	nature	(models	typically	improving	over	time)	

can	 produce	 unknown	 insights	 that	were	 not	 even	 sought	 by	 the	 researchers	

(without	direct	programming	to	find	them).	

	

The	algorithm	building/learning	process	in	machine	learning	can	simplified	as	

such	[84]:	
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o Decision	 Process:	 Algorithms	 are	 used	 to	 make	 a	 prediction	 or	

classification.	Based	on	some	input	data,	your	algorithm	will	produce	an	

estimate	about	a	pattern	in	the	data.	

o Error	Function:	this	serves	to	evaluate	the	prediction	of	the	model.	

o Model	Optimization	Process:	If	the	model	can	fit	better	to	the	data	points	

in	the	training	set,	then	weights	can	be	adjusted	to	reduce	the	discrepancy	

between	the	test	data	and	the	model	estimate.	The	algorithm	will	repeat	

this	 ‘evaluate	 and	 optimize’	 process,	 updating	 its	 parameter	 tuning	

autonomously	until	a	threshold	of	accuracy	has	been	met.	

			

2.5.5.1 Types	of	Machine	Learning	
Machine	learning	can	roughly	divided	into	three	types	[85]:	

• Supervised	-	The	dataset	being	used	has	been	pre-labelled	and	classified	

by	users	to	allow	the	algorithm	to	see	how	accurate	its	performance	is.	An	

example	being	linear	regression	for	linear	models.	

• Unsupervised	-	The	raw	dataset	being	used	is	unlabelled	and	an	algorithm	

identifies	patterns	and	relationships	within	 the	data	without	help	 from	

users.	An	example	being	k-Means	clustering.	

• Semi-supervised	-	The	dataset	contains	structured	and	unstructured	data,	

which	guide	the	algorithm	on	its	way	to	making	independent	conclusions.	

The	 combination	 of	 the	 two	 data	 types	 in	 one	 training	 dataset	 allows	

machine	learning	algorithms	to	learn	to	label	unlabelled	data.	

	

2.5.5.2 The	Five	Tribes	
Prof.	Pedro	Domingos	has	described	five	philosophies	for	how	research	groups	

approach	machine	learning	[86],	[87].		

o Symbolist	-	these	researchers	work	on	the	premise	of	inverse	deduction.	

They	will	start	with	some	premises	and	conclusions	and	work	backward	

to	fill	in	the	gaps.	

o Connectionist	 –	 an	 ambitious	 approach	 that	 involves	 creating	 artificial	

neurons	inside	a	neural	network.	This	is	becoming	better	known	as	‘deep	

learning’	today.		
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o Evolutionist	–	likened	by	some	to	farming	and	what	they	do	with	selective	

breeding.	The	evolutionary	approach	is	applying	the	idea	of	genomes	and	

DNA	 in	 the	 evolutionary	 process	 to	 data	 structures.	 The	 survival	 and	

offspring	of	units	in	an	evolutionary	model	are	the	performance	data.	

o Bayesian	 –	 taking	 a	 probabilistic	 philosophy,	 this	 approach	 deals	 with	

uncertainty	and	solutions.	Researchers	can	take	a	hypothesis	and	apply	a	

type	of	“a	priori”	thinking,	believing	that	there	will	be	some	outcomes	that	

are	more	likely.	They	then	update	a	hypothesis	as	they	see	more	data.	

o Analogizer	–	deemed	pioneers	in	the	field	of	matching	particular	bits	of	

data	 to	 each	 other.	 This	 is	 the	 “nearest	 neighbour”	 principle.	 Nearest	

neighbour	outcomes	can	give	results	that	are	similar	to	neural	network	

models.	

2.5.6 Evaluating	Machine	Learning	

In	 evaluation	 of	 machine	 learning,	 we	 ultimately	 perform	 assessment	 of	

developed	models.	Common	methods	are	the	test/validation	set	approach	and	

the	cross	validation	(CV)	approach.	Some	of	the	approaches	are	detailed	below.	

	

Training/Test	Data	Split	

The	training	data	and	test	data	split	describes	the	notion	of	training	your	model	

on	one	set	of	data	points	and	then	to	test	its	accuracy	(or	fit)	against	data	points	

it	has	not	been	exposed	to	yet.	The	exact	split	is	not	set-in	stone	for	each	model	

or	even	project	and	is	a	variable	that	can	be	altered.	

	

k-Fold	Cross-Validation	

This	approach	divides	the	data	set	into	groups	(k	number	of	groups),	or	folds,	of	

roughly	equal	size.	The	first	fold	becomes	the	test	data	to	be	tested	on	the	model	

trained	on	the	other	k-1	folds.	Metrics	are	calculated	for	model	performance	on	

the	test	data	(held	out	fold).	The	process	then	repeats	for	the	remaining	k-1	folds,	

which	each	fold	taking	a	turn	as	the	test	data.	The	validation	metrics	(i.e.,	MSE)	

are	then	averaged	to	return	the	estimated	performance	of	the	model.	
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Leave-One-Out-Cross-Validation	(LOOCV)	

This	 is	a	special	case	of	k-Fold	Cross-Validation	 in	which	k	 is	equal	 to	n	 (total	

number	of	data	observations).	LOOCV	splits	the	set	of	observations	into	two	parts	

but	instead	of	training/test	size	split	or	k-Fold	split,	one	observation	becomes	the	

test	 set,	 and	 the	 remainders	 are	 used	 for	 training	 the	model.	 Like	 the	 k-Fold	

Cross-Validation,	 it	 calculates	a	performance	metric	before	 iteratively	 running	

through	all	n	observations	as	the	test	set.	

	

2.5.6.1 Metrics	
Assessment	of	models	involves	reviewing	performance	metrics	and	comparing	

those	 metrics	 with	 other	 models.	 Regression	 and	 Classification	 models	 have	

distinct	metrics	to	review	and	are	detailed	below.	

	

Regression	metrics	

Root	Mean	Square	Error13	(RMSE)	–	measure	of	the	differences	between	values	

predicted	by	a	model	and	the	observed	values.	It	represents	a	square	root	of	the	

second	 sample	 moment	 of	 the	 differences	 between	 predicted	 values	 and	

observed	values	or	the	quadratic	mean	of	these	differences.	

Mean	 Absolute	 Error14	 (MAE)	 –	 measure	 of	 mean	 absolute	 errors	 between	

comparisons	of	predicted	versus	observed	data.	

R-Squared15	-	the	proportion	(typically	expressed	as	0.00	to	1.00)	of	the	variance	

in	 the	 dependent	 variable	 (target)	 that	 is	 (explained)	 predictable	 from	 the	

independent	variable(s)	(predictors).	

	

Classification	metrics	

Accuracy	–	total	correct	predictions	made	by	the	classifier.	

Sensitivity16	 –	 also	 known	 as	 the	 ‘true	 positive	 rate’	 which	 measures	 the	

proportion	of	positives	that	are	correctly	identified.	

	
13 https://en.wikipedia.org/wiki/Root-mean-square_deviation 
14 https://en.wikipedia.org/wiki/Mean_absolute_error 
15 https://en.wikipedia.org/wiki/Coefficient_of_determination 
16 https://en.wikipedia.org/wiki/Sensitivity_and_specificity 
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Specificity	 –	 also	 known	 as	 the	 ‘true	 negative	 rate’	 which	 measures	 the	

proportion	of	negatives	that	are	correctly	identified.	

Receiver	Operating	Characteristics17	Curve	(ROC)	-	the	ROC	curve	is	created	by	

plotting	the	true	positive	rate	against	the	false	positive	rate	at	various	threshold	

settings.	

Area	Under	the	ROC-Curve	(AUC)	–	this	is	defined	as	equal	to	the	probability	that	

a	classifier	will	rank	a	randomly	chosen	positive	instance	higher	than	a	randomly	

chosen	negative	one	(assuming	'positive'	ranks	higher	than	'negative').	

F1	 scores	 -	 A	 calculation	 that	 considers	 both	 precision	 and	 recall18	 (same	 as	

sensitivity)	 to	 compute	 the	 score.	The	 score	 can	be	 interpreted	as	 a	weighted	

average	of	 the	precision	and	 recall	 values,	where	an	F1	score	 reaches	 its	best	

value	at	1	and	worst	value	at	0	[88].	

	

	
17 https://en.wikipedia.org/wiki/Receiver_operating_characteristic 
18 https://en.wikipedia.org/wiki/Precision_and_recall 
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2.6 Related	Studies	
This	section	provides	an	overview	and	summary	of	the	related	studies	key	to	the	

work	presented	 in	 this	 thesis.	 It	 covers	 two	target	areas	of	 research	reviewed	

during	the	literature	search:		

(1) Computer-based	simulation	training	in	medicine	and	healthcare		

(2) Tracking	 of	 visual	 attention	 during	medical	 and	 healthcare	 tasks	 and	

procedures		

The	latter	focus	is	the	primary	link	to	the	work	presented	in	chapters	three	to	

five	and	is	the	specific	area	of	research	that	the	overall	thesis	aims	to	contribute	

to.	

2.6.1 Literature	Search	Strategy	

The	approach	to	this	literature	review	was	of	an	ad-hoc	nature.	Retrospectively,	

the	general	approach	included	searching	databases	with	key	search	terms,	with	

the	main	database	searching	sources	being	IEEE	Xplore19,	Elsevier20	and	Google	

Scholar21.			

For	these	many	searches	a	combination	of	terms	was	used.	Most	of	these	searches	

included	 Boolean	 searches	 carried	 out	 using	 operators	 like	 ‘AND’	 and	 ‘OR’	 to	

distil	better	search	results.	The	time	range	criteria	for	searching	were	different	

for	each	area	of	review.	

For	 the	 search	 area	 of	 ‘Computer-based	 simulation	 training	 in	 medicine	 and	

healthcare’	 literature,	 the	results	were	 limited	to	the	published	year	2000	and	

after.	The	justification	for	this	at	the	time	of	searching,	was	the	authors	belief	that	

published	work	and	studies	from	15-20	years	ago	would	still	be	of	significance	

as	the	general	search	area	is	quite	broad	in	scope.	That	is	in	comparison	to	the	

second	search	area	for	published	work	specific	to	eye	tracking	which	has	only	

gained	traction	in	the	last	ten	year	or	so.	As	for	the	cutting	off	literature	before	

year	2000,	a	justification	by	the	author	is	a	belief	that	the	rapid	development	of	

technology	in	the	late	90s/early	2000s	would	be	a	good	starting	point	with	2000	

being	 chosen	 [89],	 [90].	 The	 literature	 review	 was	 continually	 on	 going	

	
19 https://ieeexplore.ieee.org/Xplore/home.jsp 
20 https://www.elsevier.com/en-gb 
21 https://scholar.google.com 
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throughout	the	project,	so	the	cut-off	point	was	the	time	that	the	thesis	was	due	

to	 be	 submitted	 in	 2017.	 Therefore,	 the	 literature	 considered	 for	 this	 review	

included	published	work	between	2000	(inclusive)	and	2018	(exclusive).	

The	following	key	terms	were	used	in	searching	for	literature:	

• Simulation	

• Simulation-Based	Training	

• Computer-Based	Simulation	

• Healthcare	

• Medicine	

• Nursing	

• Screen-Based	

• Digital	

‘Simulation’,	 ‘Simulation-Based	 Training’	 and	 ‘Computer-Based	 Simulation’	

should	be	self-explanatory	for	why	they	were	used	in	searches.	‘Healthcare’	was	

used	 to	 cover	 different	 studies	 across	 the	 entire	 spectrum	 (of	 healthcare).	

‘Medicine’	and	‘Nursing’	terms	were	used	to	catch	any	studies	with	specific	scope	

to	those	areas.	‘Screen-Based’	and	‘Digital’	terms	were	included	in	some	searches	

as	it	was	noted	by	the	author	that	those	terms	can	be	preferred	by	some	authors	

of	published	work,	even	if	seemingly	(in	the	eyes	of	the	author)	outdated	in	the	

last	five	years.	

	
For	 the	 search	 of	 ‘Tracking	 of	 visual	 attention	 during	medical	 and	 healthcare	

tasks	and	procedures’	literature	the	following	key	terms	were	used:	

• Eye	Tracking	

• Eye	Gaze	

• Visual	Attention	

• Medicine	

• Nursing	

• Healthcare	

• Training	

• Assessment	
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The	term	‘Eye	Tracking’	is	self-explanatory	for	the	desired	search.	‘Eye	Gaze’	and	

‘Visual	Attention’	can	be	interchangeable	terms	depending	on	the	source	for	the	

psychophysiological	measurement	and	so	both	were	included	to	catch	both.	Like	

the	 previous	 search	 method,	 the	 terms	 ‘Healthcare’,	 ‘Medicine’	 and	 ‘Nursing’	

were	used	to	narrow	the	scope	of	the	work	found	(the	latter	two	more	specific	

than	‘Healthcare’).		

Unlike	the	previous	search	method,	which	included	terms	like	‘Simulation-Based	

Training’,	 this	 search	 aim	 was	 not	 specific	 to	 simulation.	 However,	 in	 some	

searches	 the	 terms	 ‘Training’	 and	 ‘Assessment’	 were	 included	 as	 that	 was	 of	

interest	to	the	author	having	worked	from	the	context	of	simulation	of	tasks	and	

procedures	previously.		

This	ad-hoc	approach	has	limitations	that	are	acknowledged	by	the	author.	It	is	

acknowledged	that	a	more	systematic	approach	is	desirable	for	reproducibility,	

transparency	and	ultimately	more	reportable	detail	on	the	search	method.	

2.6.2 Computer-Based	 Simulation	 in	 Medicine	 and	 Healthcare	

Training	

Computer	and	screen-based	simulators	all	 can	address	disadvantages	of	other	

common	forms	of	simulation	training	(examples	being	manikin	or	standardised	

patients)	no	matter	what	level	of	fidelity	they	are	deemed	to	have	by	reviewers	

or	evaluators.	

(1)	 They	 provide	 flexibility	 to	 all	 stakeholders	 (both	 trainees	 and	

developers/trainers).	

(2)	They	can	be	used	to	capture	and	track	performance	over	time	more	easily.	

(3)	They	are	better	for	conducting	assessments	with	large	groups.	

(4)	And	lastly,	and	perhaps	most	importantly	to	some,	this	form	of	simulation	is	

almost	always	less	costly	(most	certainly	in	the	long-term)	over	other	forms	of	

simulation-based	training.	

		

In	 this	 section,	 a	 detailed	 overview	 and	 discussion	 of	 studies	 conducted	 to	

evaluate	the	performance	of	computer-based	simulators,	in	both	a	nursing	and	
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medical	setting,	are	presented.	For	both	a	table	of	related	work	is	provided	after	

a	discussion,	elaborating	on	the	findings	and	impact	of	these	published	articles.	

	

2.6.2.1 Computer-Based	Simulation	in	Nursing	

Beginning	with	education	on	patient	safety,	Tschannen	et	al.	produced	a	study	in	

2012	 with	 115	 subjects	 that	 focused	 on	 using	 virtual	 simulation	 to	 educate	

trainee	 nurses	 on	 the	 subjects	 of	 priority	 setting,	 patient	 safety	 and	 conflict	

management	[91].	They	showed	that	their	intervention	group	had	significantly	

higher	scores	over	the	control	group.	

	

A	number	of	studies	in	nursing	look	to	show	how	comfortable	trainees	are	with	

simulation-based	training	as	an	alternative	to	traditional	means	of	training.	One	

of	 which	was	 Sowan	 et	 al.	 in	 2014,	 who	with	 102	 subjects	 provided	medical	

administration	 skill	 demonstrations	 as	 online	 videos	 in	 a	 simulation	 package	

instead	of	(in-person)	lab	demonstration	[92].		For	this	study,	40%	of	the	subjects	

said	they	would	be	happy	with	this	as	an	alternative	in	their	nursing	education	

and	 across	 the	 board,	 the	 simulation	 package	 was	 given	 high	 scores	 for	

satisfaction.		

Another	study	published	in	the	same	year	(2014)	and	in	a	more	interactive	sense	

(but	with	 less	subjects),	Persson	et	al.	developed	patient	monitoring	vignettes	

(videos,	 vital	 signs	 on	 screen,	 illustration	 of	 patient	 and	 ‘choice’	 textboxes	 to	

select)	 as	 a	 training	 tool	 [93].	 With	 18	 subjects,	 they	 were	 asked	 to	 use	 the	

simulator	 and	 then	 provide	 feedback.	 The	 subjects	 were	 look-warm	 on	 the	

specifics	of	the	simulator	but	significantly,	a	majority	stated	they	would	use	it	if	

available	and	in	particular,	would	like	to	use	it	in	a	setting	with	other	colleagues.	

A	year	later,	a	study	was	published	that	used	a	simulator	to	teach	catheter	skills.	

In	 2015,	 Smith	 and	 Hamilton	 produced	 what	 they	 called	 a	 virtual	 reality	

simulation	to	 improve	their	proficiency	 in	catheter	skills	 [94].	The	study,	with	

twenty	subjects,	was	to	evaluate	skill	performance	scores,	perceived	preparation,	

and	practice	 time	 in	minutes	 for	a	group	using	 the	virtual	 reality	simulator	 in	

comparison	to	a	control	group.	With	low	subject	numbers,	the	significance	was	
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not	seen	between	the	groups,	but	they	did	see	positive	trends	in	the	virtual	reality	

group.		

Another	 study	 in	 2015	 saw	 a	 comparison	 between	 using	 a	 simulation	 for	

scenario-based	 training	 and	 using	 traditional	 paper-based	 scenario	 training.	

Weatherspoon	et	al.	ran	a	two-week	randomised	control	trial,	with	117	subjects,	

to	compare	their	developed	tool	against	the	traditional	method	[95].	The	subjects	

using	 the	 simulator	 had	 significantly	 higher	 improvements	 compared	 to	 the	

paper-based	subjects.	In	fact,	it	appears	that	on	average,	the	paper-based	subjects	

saw	their	scores	decrease	–	which	the	authors	state	suggests	a	stifling	effect.		

Lastly	 in	 2015	 again,	 a	 study	 authored	 by	 Bogossian	 et	 al.	 evaluated	 using	 a	

simulation	tool	as	part	of	a	designed	training	course	[96].	With	489	subjects,	the	

First2Act	e-simulation	trained	nurses	on	patient	monitoring	and	deterioration.	

After	 completion,	 the	 results	 showed	 significant	 improvements	 to	 scores	 of	

knowledge	and	competency.	In	addition,	they	noted	the	high	level	of	engagement	

seen	by	the	subjects	(trainees)	in	the	study.	

The	studies	mentioned	are	listed	and	summarised	in	Table	2-4.	 	
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Table	2-4:	Related	Computer-Based	Simulation	Studies	in	Nursing	

Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

A	trial	of	e-simulation	of	sudden	

patient	deterioration	

(FIRST2ACT	WEB)	on	student	

learning.		Bogossian	et	al	

(2015).	

489	

Set	course	of	using	simulation	software	to	increase	knowledge	of	trainees.	83%	response	rate	to	the	study	and	89.7%	of	

that	completed	the	course.	Proportion	achieving	passing	clinical	knowledge	increased	from	78.15%	pre-simulation	to	

91.6%	post-simulation.	Concludes	that	it	shows	not	only	the	high	engagement	of	students	with	the	form	of	training	but	

that	it	has	significant	effects	on	improvements	to	knowledge	and	competency.	

Effect	of	electronic	interactive	

simulation	on	senior	Bachelor	

of	Science	in	nursing	students'	

critical	thinking	and	clinical	

judgment	skills.	Weatherspoon	

et	al	(2015).	

117	

A	two-week	randomised	control	trial	comparing	use	of	a	simulation	tool	versus	traditional	paper-based	scenario	training.	

Subjects	who	used	the	simulation,	improved	their	scores	in	critical	thinking.	In	fact,	the	traditional	paper-based	subjects,	

saw	small	decreases	in	their	scores	by	comparison	(the	authors	suggest	a	stifling	effect).	

The	effects	of	virtual	reality	

simulation	as	a	teaching	

strategy	for	skills	preparation	in	

nursing	students.	Smith	&	

Hamilton	(2015)	

20	

Virtual	reality	(VR)	simulation	was	designed	to	support	catheter	skill	proficiency	in	students	with	a	degree	in	nursing.	An	

after-only	experimental	design	was	used	to	evaluate	skill	performance	scores,	perceived	preparation,	and	practice	time	in	

minutes.	Despite	insignificant	differences	(likely	from	low	sample	numbers),	the	positive	trends	seen	in	the	VR	group	was	

noticeable.	In	conclusion	they	state,	VR	provides	supplementary	practice	time,	enhances	skill	preparedness	and	improves	

overall	performance.	
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Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

Evaluating	interactive	

computer-based	scenarios	

designed	for	learning	medical	

technology.	Persson	et	al	

(2014).	

18	

Mixed	group	but	nurses	most	common	type	of	participant.	Simulation	involved	monitoring	of	patients	(a	vignette,	vital	

signs	on	screen,	an	illustration	of	the	patient	etc)	with	a	simple	interface	with	trainees	making	choices	via	‘clicked’	

textboxes.	Questionnaire	provided	to	participants	to	get	feedback	on	simulation	tool.	Responses	were	moderate	for	the	

specifics	of	the	simulation.	More	significantly	the	vast	majority	said	they	would	use	it	in	their	clinic.	The	most	popular	

answer	for	how	they	would	use	it	(if	available)	was	‘working	with	colleagues”.	

Evaluation	 of	 an	 interactive	

web-based	 nursing	 course	with	

streaming	videos	for	medication	

administration	 skills.	 Sowan	 et	

al	(2014).	

102	

Streaming	videos	for	demonstration	of	skills.	Afterward,	the	students	completed	a	30-item	satisfaction	questionnaire,	8	

self-efficacy	scales,	and	a	4-item	scale	solicited	their	preferences	of	using	the	virtual	course	as	a	substitute	or	a	

replacement	of	the	lab	demonstration.	The	students	gave	high	scores	on	average	for	satisfaction,	self-efficacy	and	40%	

were	happy	for	it	to	replace	the	traditional	means	of	demonstration.	Authors	state	despite	the	challenges	in	design,	it	

benefits	students	to	offer	this	method	of	demonstration.		

Use	 of	 virtual	 simulations	 for	

improving	 knowledge	 transfer	

among	 baccalaureate	 nursing	

students.	 	 Tschannen	 et	 al	

(2012)	

115	

Students	received	education	on	topics	related	to	conflict	management,	priority-setting,	and	patient	safety.	The	

intervention	group	also	participated	in	three	virtual	simulations.	To	evaluate	knowledge	transfer,	performance	on	an	

individual	simulation	was	evaluated	using	the	Capacity	to	Rescue	Instrument	(CRI).	Total	CRI	score	for	the	intervention	

group	was	significantly	higher	than	the	score	for	the	control	group.	Author	conclude	that	efforts	for	providing	more	

opportunities	for	deliberate	practice	of	critical	skills	(communication,	conflict	management,	priority	setting)	must	be	

provided.	
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2.6.2.2 Computer-Based	Simulation	in	Medicine	

Beginning	 in	 2001,	 Schwid	 et	 al.	 with	 thirty-one	 subjects,	 tested	 differences	

between	 a	 group	 that	 used	 a	 screen-based	 simulator	 to	 train	 their	 debriefing	

skills	for	a	later	assessment	using	manikin-based	simulation	scenario	against	a	

group	that	did	not	[97].	The	group	using	the	screen-based	simulator	to	improve	

their	debriefing	skills	performed	much	better	than	their	counterparts	when	the	

assessment	was	done.	

The	 following	year	 in	2002,	 Seymour	et	 al.	 performed	a	 study	 looking	at	how	

virtual	 reality	 training	 could	 transfer	 to	 skills	 demonstrated	 in	 the	 operating	

room	[46].	Two	groups	were	created	and	given	either	a	traditional	approach	or	

given	 access	 to	 a	 high-fidelity	 virtual	 reality	 simulator.	 Despite	 a	 (seemingly)	

small	 number	 of	 subjects	 (n=16),	 the	 results	 of	 the	 study	 still	 showed	 both	 a	

significant	difference	in	performance	and	errors	between	virtual	reality	trained	

and	non-virtual	reality	trained	when	assessed	with	metrics.		

Again	in	2002,	forty	subjects	took	part	in	a	study	by	Nyssen	et	al.,	that	looked	at	

differences	seen	between	using	a	screen-based	simulator	and	a	manikin	based	

simulator	[98].	The	assessment	components	looked	at	the	treatment	score	and	

the	diagnosis	time	by	the	participants.	When	compared,	it	showed	no	significant	

difference	between	the	groups	–	with	the	authors	concluding	this	demonstrated	

the	 important	 role	 screen-based	 simulators	 have	 in	 medical	 training.	 This	 is	

interesting	as	commonly	the	screen-based	simulators	are	seen	as	lower	fidelity	

in	comparison	to	the	manikin	solution.		

Later	in	2005,	Patel	et	al.	ran	a	study	with	twenty	interventional	cardiologists	to	

show	a	learning	curve	with	improved	performance	could	be	demonstrated	on	the	

VIST	simulator	[48].	Patel’s	study	represented	the	largest	collection	of	such	data	

to	date	in	carotid	VR	simulation.	

In	2008,	Tan	et	al.	published	work	on	their	study,	taking	two	groups:	one	taught	

medical	 crisis	 management	 using	 a	 screen-based	 simulator	 projected	 onto	 a	

shared	screen,	with	a	facilitator	guiding	them	through	scenarios	and	the	other	

group	 got	 the	 same	 content	 without	 simulator	with	 equal	 training	 time	 [99].	

Subjects	were	tested	on	their	management	of	anaphylaxis	using	a	human	patient	

simulator	and	were	assessed	on	diagnosis,	resuscitation,	specific	treatment,	call	
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for	help	and	for	reassessment	of	the	patient.	The	result	was	the	simulation	group	

scored	significantly	better	in	comparison	to	the	study’s	control	group.	

A	 year	 later	 in	 2009,	 Biese	 et	 al	 published	 a	 study	 in	which	 the	 intervention	

consisted	of	eight	screen-based	paediatric	resuscitation	scenarios	that	subjects	
had	four	weeks	to	complete	after	initial	skill	and	knowledge	measurements.	The	

measures	 were	 then	 repeated	 post-training.	 The	 results	 then	 show	 increases	

were	observed	in	written	test	scores,	confidence,	and	some	critical	interventions	

in	the	high-fidelity	simulation	[100].	
In	2011,	Bond	et	 al	published	a	paper	 that	described	work	using	a	developed	

web-based	simulator	for	electrocardiogram	training.	This	simulator	allowed	the	

user	 to	 position	 the	 electrodes	 anywhere	 on	 the	 torso	 while	 rendering	 the	

corresponding	ECG	leads	using	body	surface	potential	maps.	This	simulator	was	

then	 evaluated	 by	 a	 random	 selection	 of	 delegates	 from	 the	 37th	 Annual	

Conference	 on	 Computing	 in	 Cardiology.	 After	 completing	 the	 representative	

tasks	 and	 using	 the	 web-simulation	 for	 approximately	 thirty	 minutes,	 all	

seventeen	participants	completed	a	questionnaire	on	their	session.	The	results	

showed	that	overall,	high	scores	were	received	for	responsiveness,	ease	of	use	

and	look	&	feel	[25].	

Later	 and	 lastly	 in	 2016,	 with	 twelve	 subjects,	 Cates	 et	 al	 produced	 a	 paper	

describing	 a	 study	 that	 involved	 two	 random	 groups	 of	 experienced	

cardiologists:	 one	 given	 virtual	 reality	 (VR)	 training,	 the	 other	 traditional	

supervised	in-vivo	patient	case	training.	In	their	results	they	showed	that	the	VR	

group	 performed	 significantly	 better	with	 experience	 controls	 and	 also	 had	 a	

significantly	lower	rate	of	intraoperative	errors.	This	paper	also	claims	to	be	the	

first	prospective,	randomised	and	blinded	study	of	this	specific	nature,	proving	

significant	improvements	of	performance	and	lowering	of	errors	[101].	

The	studies	mentioned	are	listed	and	summarised	in	Table	2-5.	
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Table	2-5	Related	Computer-Based	Simulation	Studies	in	Medicine	

Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

Prospective,	 randomised	 and	

blinded	 comparison	 of	

proficiency-based	 progression	

full-physics	 virtual	 reality	

simulator	 training	 versus	

invasive	vascular	experience	for	

learning	 carotid	 artery	

angiography	 by	 very	

experienced	operators.		Cates	et	

al	(2016).	

12	

Two	random	groups	of	experienced	cardiologists:	one	given	virtual	reality	(VR)	training,	the	other	traditional	

supervised	in-vivo	patient	case	training.	VR	group	performed	significantly	better	with	experience	controls	and	also	

had	a	significantly	lower	rate	of	intraoperative	errors.	Claims	to	be	the	first	prospective,	randomised	and	blinded	

study	of	this	nature,	proving	significant	improvements	of	performance	and	lowering	of	errors.	

A	simulation	tool	for	visualizing	

and	 studying	 the	 effects	 of	

electrode	 misplacement	 on	 the	

12-lead	 electrocardiogram.	

Bond	et	al	(2011).	

17	

Web-based	simulation	allows	the	user	to	position	the	electrodes	anywhere	on	the	torso	while	rendering	the	

corresponding	ECG	leads	using	body	surface	potential	maps.	Evaluated	by	a	random	selection	of	delegates	from	the	

37th	Annual	Conference	on	Computing	in	Cardiology.	After	completing	representative	tasks	and	using	the	web-

simulation	for	approximately	thirty	minutes,	all	seventeen	participants	completed	a	questionnaire.	Overall,	high	

scores	were	received	for	responsiveness,	ease	of	use	and	look	&	feel.	
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Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

Using	 Screen-Based	 Simulation	

to	Improve	Performance	During	

Paediatric	 Resuscitation.	 Biese	

et	al	(2009).	

26	

Intervention consisted of eight screen-based paediatric resuscitation scenarios that subjects had four weeks to 

complete after initial skill and knowledge measurements. Measures were repeated post-training. Increases were 

observed in written test scores, confidence, and some critical interventions in the high-fidelity simulation.	

A	 Comparison	 of	 Screen-based	

Simulation	 and	 Conventional	

Lectures	 for	 Undergraduate	

Teaching	of	Crisis	Management.	

Tan	et	al	(2008).	

64	

Two	groups:	one	taught	medical	crisis	management	using	a	screen-based	simulator	projected	onto	a	shared	screen,	

with	a	facilitator	guiding	them	through	scenarios	and	the	other	group	got	the	same	content	without	simulator	(same	

training	time).	Students	were	later	tested	on	their	management	of	anaphylaxis	using	a	human	patient	simulator	and	

were	assessed	on	diagnosis,	resuscitation,	specific	treatment,	call	for	help	and	for	reassessment	of	the	patient.	

Simulation	group	scored	significantly	better	in	the	specific	treatment.	

Learning	 Curves	 and	 Reliability	

Measures	 for	 Virtual	 Reality	

Simulation	 in	 the	 Performance	

Assessment	 of	 Carotid	

Angiography.	Patel	et	al	(2005).	

20	

Interventional	cardiologists	underwent	an	instructional	course	on	carotid	angiography	and	then	performed	five	serial	

simulated	carotid	angiograms	on	the	VIST	simulator.	A	significant	improvement	was	noted	in	various	metrics,	

including	the	procedure	time.	
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Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

A	 Comparison	 of	 the	 Training	

Value	 of	 Two	 Types	 of	

Anaesthesia	 Simulators:	

Computer	 Screen-Based	 and	

Manikin-Based	 Simulators.	

Nyssen	(2002).	

40	

Computer	screen-based	simulator	versus	full-scale	simulator	for	training	effectiveness	in	anaesthesia	residents.	

Evaluated	by	treatment	score	and	diagnosis	time.	Results	showed	there	was	not	a	significant	difference	between	full-

scale	and	computer	screen-based	simulators.	Support	the	view	that	screen-based	simulators	are	good	devices	to	

acquire	technical	skills	of	crisis	management.	

Virtual	reality	training	improves	

operating	 room	 performance:	

results	of	a	randomized,	double-

blinded	 study.	 Seymour	 et	 al	

(2002).	

16	

A	study	to	demonstrate	that	virtual	reality	(VR)	training	transfers	technical	skills	to	the	operating	room.	Half	the	

subjects	given	VR	training.	Non-VR-trained	subjects	were	significantly	less	likely	to	make	progress	and	five	times	more	

likely	to	injure	the	gallbladder	or	burn	non-target.	Mean	errors	were	six	times	less	likely	to	occur	in	the	VR-	trained	

group.	

Screen-Based	 Anaesthesia	

Simulation	 with	 Debriefing	

Improves	 Performance	 in	 a	

Manikin-Based	 Anaesthesia	

Simulator.	Schwid	et	al	(2001).	

31	

They	measured	the	effectiveness	of	screen-based	simulator	training	with	debriefing	on	the	response	to	simulated	

anaesthetic	critical	incidents.	Anaesthesia	residents	randomized	into	two	groups,	one	using	simulation.	All	residents	

then	were	evaluated	on	their	management	of	four	standardized	scenarios	in	a	manikin-based	simulator	using	a	

quantitative	scoring	system.	Residents	who	managed	anaesthetic	problems	using	a	screen-based	anaesthesia	

simulator	handled	the	emergencies	in	a	manikin-based	anaesthesia	simulator	better	than	the	control	group.	
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2.6.3 Tracking	Visual	Attention	During	Tasks	and	Procedures	

A	number	of	studies	have	been	conducted	using	eye-tracking	tools	with	subjects	

who	are	performing	medical	(or	nursing)	tasks	and	procedures	and	a	number	of	

eye	tracking	studies	have	been	conducted	in	the	last	ten	years	that	have	focused	

on	training.		

Beginning	in	the	year	2012,	a	couple	of	studies	are	worth	noting.	Fogarasi	et	al	

published	a	paper	which	looked	at	finding	new	methods	for	efficient	training	of	

seizure	observation.	Twelve	video-recorded	seizures	were	observed	by	subjects	

with	 different	 expertise.	 In	 half	 of	 the	 experiments,	 relevant	 parts	 were	

highlighted	to	direct	the	subjects'	gaze	during	observations.	Eye	motion	data	of	

the	observers	were	recorded	by	a	Tobii	T120	Eye	Tracking	system.	Fixation	time	

values	were	 shorter	 in	more	 experienced	 observers,	 however,	 this	 difference	

diminished	by	time	reflecting	the	effect	of	the	learning	process	[102].	

In	the	same	year	(2012)	a	study	by	Balsev	et	al	was	published	that	investigated	

how	 visual	 attention	 and	 cognitive	 processes	 interact	 in	 clinicians	 diagnosing	

paediatric	 video	 cases.	 Forty-three	 clinicians	 diagnosed	 four	 brief	 video	

recordings	 of	 children:	 two	 with	 seizures	 and	 two	 with	 disorders	 imitating	

seizures.	Eye	tracking	was	used	to	investigate	the	time	looking	at	relevant	areas	

in	the	video-recorded	cases.	Alongside	this,	they	used	a	concurrent	think-aloud	

approach	to	record	and	explore	the	associated	clinical	reasoning	processes.	 In	

their	results	and	conclusions,	they	showed	that	more	experienced	clinicians	were	

more	accurate	in	visual	diagnosis	and	spent	more	of	their	time	looking	at	relevant	

areas	 –	 something	 you	may	 assume.	At	 the	 same	 time,	 it	was	noted	 that	 they	

explored	less	overall,	yet	they	built	and	evaluated	more	diagnostic	hypotheses	

[103].	

A	year	later	in	2013,	Donovan	and	Litchfield	published	work	that	examined	the	

eye	tracking	metric	‘time-to-first	fixation’	and	how	it	related	to	the	ability	of	forty	

participants	to	detect	lung	nodules	in	chest	x-rays.	However,	in	the	results	and	

their	conclusions,	the	time-to-first	fixation	metric	only	showed	a	non-significant	

trend	 to	 decrease	 with	 expertise.	 This	 metric	 has	 been	 linked	 to	 expert	

performance	in	mammography	but	was	not	sufficiently	sensitive	to	demonstrate	

clear	linear	improvements	and	questions	the	validity	of	this	[104].	
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Another	year	later	in	2014,	Brunye	et	al	published	a	similar	study	that	examined	

eye	movements	during	 interpretation	of	digital	breast	biopsies.	This	was	with	

significantly	 less	 participants	 compared	 to	 Donovan	 and	 Litchfield	 with	 only	

seven	subjects	compared	to	forty.		The	conclusions	showed	that	pathologists	with	

relatively	 low	 expertise	 in	 interpreting	 breast	 pathology	 were	more	 likely	 to	

fixate	on,	and	subsequently	return	to,	diagnostically	irrelevant	areas	of	interest	

relative	 to	 experts.	 Repeatedly	 fixating	 on	 the	 distracting	 areas	 of	 interest	

showed	limited	value	in	predicting	diagnostic	failure	[105].	

Two	papers	in	2015	are	worth	nothing.	Firstly,	Rubin	et	al	published	work	which	

concluded	that	relationships	between	reader	search,	recognition	and	acceptance,	

and	overall	 lung	nodule	detection	rate	can	be	studied	with	eye	 tracking.	They	

showed	 that	 radiologists	 appear	 to	 actively	 search	 less	 than	 half	 of	 the	 lung	

parenchyma,	with	substantial	inter-reader	variation	in	volume	searched,	fraction	

of	nodules	included	within	the	search	volume,	sensitivity	for	nodules	within	the	

search	volume,	and	overall	detection	rate	[106].	

Secondly	 and	 in	 the	 same	year,	 Sibbald	 et	 al	 published	a	paper	 for	 a	 study	 in	

which	 subjects	 interpreted	 12	 electrocardiograms,	 half	 of	 the	 subjects	with	 a	

checklist	and	half	of	the	subjects	with	an	analytic	prompt,	while	eye	movements	

were	 tracked.	 They	 found	 that	 more	 errors	 were	 corrected	 using	 a	 checklist	

compared	to	an	analytic	prompt.	As	well	as	this,	they	found	the	checklist	use	was	

associated	with	enhanced	analytic	scrutiny	in	all	eye	tracking	measures	assessed.	

They	concluded	that	using	a	key	variable	checklist	to	verify	diagnostic	decisions	

improved	error	detection	[107].	

The	year	2016	also	has	two	papers	worth	reviewing.	Firstly,	Garry	et	al	produced	

work	in	which	patients	in	different	ICUs	participated	in	5	guided	sessions	of	45	

minutes	each	with	the	eye-tracking	computer.	After	completion	of	the	sessions,	

PIADS	 (a	 questionnaire)	 was	 used	 to	 evaluate	 the	 device	 from	 the	 patient's	

perspective.	 The	 device's	 overall	 psychosocial	 impact	 ranged	 from	 neutral	 to	

strongly	positive.	Compared	with	the	absence	of	 intervention	(0	=	no	change),	

patients	 exposed	 to	 eye-tracking	 computers	 demonstrated	 a	 positive	 mean	

overall	 impact	 score	 (PIADS	=	+1.30;	P	=.004).	They	concluded	 that	 there	 is	a	

population	 of	 patients	 in	 the	 ICU	 whose	 psychosocial	 status,	 delirium,	 and	
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communication	ability	may	be	enhanced	by	eye-tracking	devices	and	that	eye-

tracking	devices	might	improve	outcomes	[108].	

Another	 is	 by	Mills	 et	 al	which	 contributed	paramedicine	 students	 completed	

low-	or	high-	 fidelity	 simulations	 involving	a	manikin	with	obstructed	airway.	

Immersion	and	cognitive	burden	were	determined	via	heart	rate,	eye	tracking,	

NASA-TLX,	observation,	and	interviews.	Performance	was	assessed	by	successful	

location	 of	 obstruction	 and	 time-to-termination.	 Eye	 tracking	 confirmed	 that	

students	attended	to	multiple,	concurrent	stimuli	in	high	fidelity	simulation	[65].	

Finally,	in	2017	there	are	two	papers	worth	nothing.	Firstly,	a	paper	from	King	et	

al	which	published	work	on	a	low-cost	eye-tracking	device	was	evaluated,	and	

the	device’s	accuracy	was	found	to	be	non-inferior	to	a	more	expensive	device.	

They	 also	 developed	 and	 evaluated	 an	 automatic	 method	 for	 mapping	 eye-

tracking	data	to	interface	elements	in	the	EMR	(e.g.,	a	displayed	laboratory	test	

value)	[109].	

Secondly	 and	 in	 the	 same	 year,	 McLaughlin	 et	 al	 published	 a	 study	 which	

gathered	eye	gaze	metrics	(e.g.	fixation	count,	fixation	duration)	to	analyse	areas	

of	 pathology	 that	were	 indicative	 of	 competence	 of	 a	 radiographer.	These eye	

tracking	 patterns	 recorded	 did	 reflect	 group	 expertise	 and	 different	 search	

strategies	[110].	

All	of	these	studies	are	compiled	in	Table	2-6.	
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Table	2-6	Related	Eye-Tracking	Studies	in	Medicine	and	Healthcare	

Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

Computing	Eye	Gaze	Metrics	for	
the	 Automatic	 Assessment	 of	
Radiographer	 Performance	
during	 X-ray	 Image	
Interpretation.		McLaughlin	et	al	
(2017).	

58	
This	study	gathered	eye	gaze	metrics	(e.g.	fixation	count,	fixation	duration)	within	the	areas	of	pathology	were	

indicative	of	the	competence	of	a	radiographer.	Eye	tracking	patterns	reflected	group	expertise	and	search	strategies.	

Eye-tracking	for	clinical	decision	
support:	 A	 method	 to	 capture	
automatically	 what	 physicians	
are	viewing	in	the	EMR.	King	et	
al	(2017).	

20	

A	low-cost	eye-tracking	device	was	evaluated,	and	the	device’s	accuracy	was	found	to	be	non-inferior	to	a	more	

expensive	device.	They	also	developed	and	evaluated	an	automatic	method	for	mapping	eye-tracking	data	to	interface	

elements	in	the	EMR.	

Effects	 of	 Low-	 Versus	 High-
Fidelity	 Simulations	 on	 the	
Cognitive	 Burden	 and	
Performance	 of	 Entry-Level	
Paramedicine	 Students.	Mills	 et	
al	(2016).	

39	

Paramedicine	students	completed	low-	or	high-	fidelity	simulations	involving	a	manikin	with	obstructed	airway.	

Immersion	and	cognitive	burden	were	determined	via	heart	rate,	eye	tracking,	NASA-TLX,	observation,	and	

interviews.	Performance	was	assessed	by	successful	location	of	obstruction	and	time-to-termination.	Eye	tracking	

confirmed	that	students	attended	to	multiple,	concurrent	stimuli	in	high	fidelity	simulation.	
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Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

A	 pilot	 study	 of	 eye-tracking	
devices	 in	 intensive	 care.	 Garry	
et	al	(2016).	

4	

Patients	participated	in	5	guided	sessions	of	45	minutes	each	with	the	eye-tracking	computer.	After	completion	of	the	

sessions,	PIADS	(a	questionnaire)	was	used	to	evaluate	the	device	from	the	patient's	perspective.	The	device's	overall	

psychosocial	impact	ranged	from	neutral	to	strongly	positive.	Compared	with	the	absence	of	intervention	(0	=	no	

change),	patients	exposed	to	eye-tracking	computers	demonstrated	a	positive	mean	overall	impact	score	(PIADS	=	

+1.30;	P	=.004).	They	concluded	that	there	is	a	population	of	patients	in	the	ICU	whose	psychosocial	status,	delirium,	

and	communication	ability	may	be	enhanced	by	eye-tracking	devices	and	that	eye-tracking	devices	might	improve	

outcomes.	

Why	 verifying	 diagnostic	
decisions	 with	 a	 checklist	 can	
help:	Insights	from	eye	tracking.	
Sibbald	et	al	(2015).	

16	

Subjects	interpreted	12	electrocardiograms,	half	with	a	checklist	and	half	with	an	analytic	prompt,	while	eye	

movements	were	tracked.	More	errors	were	corrected	using	a	checklist	compared	to	an	analytic	prompt.	Checklist	use	

was	associated	with	enhanced	analytic	scrutiny	in	all	eye	tracking	measures	assessed.	Using	a	key	variable	checklist	to	

verify	diagnostic	decisions	improved	error	detection.	

Characterizing	 Search,	
Recognition,	and	Decision	in	the	
Detection	of	Lung	Nodules	on	CT	
Scans:	 Elucidation	 with	 Eye	
Tracking.		Rubin	et	al	(2015).	

13	

The	conclusions	were	that	relationships	between	reader	search,	recognition	and	acceptance,	and	overall	lung	nodule	

detection	rate	can	be	studied	with	eye	tracking.	Radiologists	appear	to	actively	search	less	than	half	of	the	lung	

parenchyma,	with	substantial	inter-reader	variation	in	volume	searched,	fraction	of	nodules	included	within	the	

search	volume,	sensitivity	for	nodules	within	the	search	volume,	and	overall	detection	rate.		
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Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

Eye	 Movements	 as	 an	 Index	 of	
Pathologist	 Visual	 Expertise:	 A	
Pilot	Study.		Brunyé	et	al	(2014).	

7	

Examined	eye	movements	during	interpretation	of	digitized	breast	biopsy.	Pathologists	with	relatively	low	expertise	

in	interpreting	breast	pathology	were	more	likely	to	fixate	on,	and	subsequently	return	to,	diagnostically	irrelevant	

areas	of	interest	relative	to	experts.	Repeatedly	fixating	on	the	distracting	areas	of	interest	showed	limited	value	in	

predicting	diagnostic	failure.	

Looking	 for	 Cancer:	 Expertise	
Related	Differences	in	Searching	
and	Decision	Making.	Donovan	&	
Litchfield	(2013).	

40	

Examined	time-to-first	fixation	related	to	the	ability	to	detect	lung	nodules	in	chest	x-ray.	Time-to-first	fixation	

showed	only	a	non-significant	trend	to	decrease	with	expertise.	This	metric	has	been	linked	to	expert	performance	in	

mammography	but	was	not	sufficiently	sensitive	to	demonstrate	clear	linear	improvements	and	questions	the	validity	

of	this.	

Visual	 expertise	 in	 paediatric	
neurology.		Balslev	et	al	(2012).	

43	

Investigates	visual	attention	and	cognitive	processes	of	clinicians	diagnosing	paediatric	video	cases.	43	clinicians	

diagnosed	four	brief	video	recordings	of	children:	two	with	seizures	and	two	with	disorders	imitating	seizures.	Eye	

tracking	to	investigate	time	looking	at	relevant	areas	in	the	video	cases	and	a	concurrent	think-aloud	procedure	to	

explore	the	associated	clinical	reasoning	processes.	More	experienced	clinicians	were	more	accurate	in	visual	

diagnosis	and	spent	more	of	their	time	looking	at	relevant	areas.	At	the	same	time,	they	explored	less,	yet	built	and	

evaluated	more	diagnostic	hypotheses.	
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Title	&	Author	(Year)	 N	 Summary	of	Study	and	Conclusions	

Improving	 seizure	 recognition	
by	 visual	 reinforcement.		
Fogarasi	et	al	(2012).	

30	

Aim	of	this	study	is	finding	new	methods	for	efficient	training	of	seizure	observation.	Twelve	video-recorded	seizures	

were	observed	by	subjects	with	different	expertise.	In	half	of	the	experiments,	relevant	parts	were	highlighted	to	

direct	the	subjects'	gaze	during	observations.	Eye	motion	data	of	the	observers	were	recorded	by	a	Tobii	T120	Eye	

Tracking	system.	Fixation	time	values	were	shorter	in	more	experienced	observers,	however,	this	difference	

diminished	by	time	reflecting	the	effect	of	the	learning	process.	
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2.6.4 Main	Findings	and	Research	Gaps	
For	computer-based	simulation	in	healthcare	there	is	a	main	theme	for	the	works	

highlighted	 in	 2.6.2.	 That	 theme	 is	 that	 simulation-based	 training	 provides	 a	
demonstrated	benefit	for	trainees	across	both	nursing	and	medicine	disciplines	

when	they	are	assessed	in	post-training.	For	nursing	simulation-based	training	

studies	 the	 participants	 numbers	 range	 from	 20	 to	 489.	 They	 choices	 of	

technology	 for	 the	 simulation	 included	 virtual	 environments	 (online)	 [91],	

streaming	online	videos	[111],	vignettes	(screen-based	scenarios	provided	to	the	

trainee	with	multiple	points	of	information)	[93]	and	virtual	reality	simulators	

[94].	It	seems	for	nursing	research	into	simulation-based	training,	the	choice	of	a	

computer-based	 simulator	 that	 can	 simply	 run	 on	 a	 computer	 (or	 inside	 a	

browser),	in	which	the	trainee	interacts	with	the	screen	is	the	preferred	choice,	

rather	 than	 high	 fidelity	 simulators.	 Perhaps	 this	makes	 sense	 as	 a	 lot	 of	 the	

nursing	 duties	 in	 focus	 for	 these	 studies	 are	 focused	 on	 knowledge,	 such	 as	

patient	safety,	medical	administration	and	patient	monitoring	[96].	This	in	itself	

is	a	gap	in	the	research	as	they	have	not	availed	of	the	other	types	of	computer-
based	simulation	as	much,	even	if	there	is	justification	for	not	doing	so.	

For	 the	 medical	 simulation-based	 training	 studies	 they	 range	 from	 12	 to	 64	

participants.	The	technologies	in	these	studies	are	either	one	of	these	two:	(1)	

screen-based	 simulators	 [97][99][112]	 and	 (2)	 high-fidelity	 virtual	 reality	

simulators	[46][48][101].	The	latter	of	these	are	seen	as	the	state	of	the	art	when	

it	comes	to	training	with	simulation	especially	with	tasks	that	involve	hand	skills	

in	the	operating	room.	The	scope	of	training	in	these	studies	involve	debriefing,	

crisis	management	and	image	interpretation/diagnosis	(electrocardiograms)	for	

the	screen-based	simulators	and	a	common	theme	of	operative	errors	with	the	

high-fidelity	virtual	reality	simulators.	These	errors	are	extremely	important	to	

minimise	in	an	operating	room,	but	these	studies	(for	good	reason)	focus	almost	

exclusively	on	them.	A	gap	could	be	that	other	measures	with	these	high-fidelity	

simulators	 could	 be	 explored,	 including	 measurements	 outside	 the	 simulator	

itself.	
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In	tracking	visual	attention	in	healthcare	there	is	also	a	main	theme	for	the	works	

highlighted	in	2.6.3.	That	is	a	theme	of	discovering	distinct	eye	gaze	patterns	in	

healthcare	 practitioners	 when	 performing	 tasks	 and	 procedures.	 In	 these	

highlighted	studies	the	participant	numbers	range	from	4	to	59.	

Eye	Tracking	technologies	in	these	studies	have	been	used	in	two	main	ways:	(1)	

used	to	record	eye	gaze	data	and	then	played	back	to	an	educator	or	assessor	for	

qualitative	insights	[65]	and	(2)	Quantitative	analysis	using	the	eye	gaze	metrics	
collected	from	recording	[110].	The	most	common	metrics	used	in	these	studies	

is	 fixation	 count	 and	 time	 to	 first	 fixation.	 In	 some	 we	 do	 see	 total	 fixation	

duration	and	visit	counts	being	used.	As	an	example,	in	a	study	to	detect	cancer	

nodules,	 the	 eye	 tracking	 metric	 time-to-first	 fixation	 alone	 was	 used	 with	

participants	 reviewing	 x-rays	 [104].	 A	 gap	 that	 exists	 here	 due	 to	 the	 lack	 of	

exploring	all	of	 the	metrics	provided	by	most	modern	eye	tracking	technology	

(and	its	accompanying	analysis	software).	Another	limitation	in	a	lot	of	these	eye	

tracking	studies	is	not	using	the	same	eye	tracker	(understandable	as	that	might	

be)	and	therefore	the	quality	of	said	eye	tracker	can	be	questioned	as	not	all	are	

as	high	quality	as	others	[49].		

Another	gap	in	these	studies	is	that	most	are	exploratory	studies	and	lack	of	a	

data	science	approach	to	their	work,	perhaps	due	to	the	researcher	coming	from	

a	healthcare	or	medical	background	rather	that	of	computer	science	or	IT.	These	

studies	don’t	 consider	machine	 learning	or	 the	 idea	of	using	 these	metrics	 for	
modelling.	

Another	 important	 gap	 noticed	 between	 the	 two	 broad	 areas	 is	 that	 in	 the	

nursing	 simulation	 studies	 mentioned,	 patient	 monitoring	 or	 patient	

deterioration	 is	 a	 seen	 in	 a	 number	of	 studies	 as	 the	main	 focus,	 but	 this	 has	

seemingly	yet	to	translate	over	to	the	eye	tracking	studies	seen	so	far.		

On	a	very	similar	vein,	for	medicine	and	high-risk	procedures,	one	of	the	more	

common	simulation	studies	is	researchers	proving	a	high-fidelity	virtual	reality	

simulator’s	training	validity	and	effect	on	operators	in	an	operating	room	setting.	

This	 as	 well	 has	 yet	 to	 translate	 to	 the	 eye	 tracking	 studies	 and	 given	 its	

importance	in	providing	confidence	in	simulation-based	training	
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2.7 Conclusions	
Simulation-based	training	in	healthcare	is	a	crucial	tool	in	healthcare	to	promote	

competent	practitioners	and	to	mitigate	medical	errors	in	routine	practice.	The	

development	of	improved	solutions	that	deliver	better	outcomes	for	simulation-

based	 training	 is	 imperative	 to	 reduce	 medical/human	 errors	 in	 the	 field	 by	

promoting	repetitive	and	deliberate	practice	of	tasks	and	procedures	in	various	

skill	 areas.	Most	 recent	 studies	 in	nursing	and	medicine	with	 computer-based	

simulators	focus	on	proving	a	demonstrative	benefit	of	the	training	solution.	In	

nursing	they	focus	on	patient	monitoring	and	deterioration	and	use	screen-based	

simulators	 with	 vignettes,	 online	 videos	 or	 virtual	 reality	 environments	 to	

provide	 their	 training	 solution	 to	 the	 trainee.	 In	medicine,	 there	 is	 a	 common	

focus	on	operating	errors	and	strong	preference	for	state-of-the-art	high-fidelity	
virtual	reality	simulators	that	be	used	to	train	skills	in	the	operating	room.	

Eye-tracking	technology	is	unique	tool	on	the	frontier	of	many	research	studies	

in	recent	years	for	the	training	of	tasks	and	procedures	with	doctor	and	nurse	

participants.	Neither	the	nursing	or	medical	preferences	mentioned	previously	

have	been	shown	in	eye	tracking	studies	found.	And	so	a	research	gap	remains:	

an	unclear	picture	of	whether	eye-tracking	metrics	or	measurements	could	be	

used	 in	 an	 augmentative	 fashion	 in	 simulation-based	 training	 within	 patient	

monitoring	for	nursing	or	in	the	setting	of	the	operating	room.	
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Chapter	3 Eye-Tracking	the	Visual	Attention	
of	Nurses	Interpreting	Simulated	Vital	Signs	

Scenarios:	Mining	Metrics	to	Discriminate	

Between	Performance	Level	
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3.1 Introduction	

Patient	safety	is	a	critical	area	of	concern	within	healthcare	and	medical	errors	

are	a	well-known	problem	that	can	have	fatal	ramifications	[2].	

Lack	 of	 knowledge	 and	 skill	 with	 clinical	 tasks	 and	 procedures,	 as	 well	 as	

decision-making	 can	 be	 significant	 factors	 with	 many	 of	 the	 errors	 that	 are	

reported	 in	 healthcare	 [16].	 Research	 into	 high-level	 skills	 and	 performance	

attributes	a	critical	role	for	‘continual	practice’	and	maximizing	training	time	in	

order	to	reach	a	specific	performance	level	[32].	

Concepts	and	techniques	that	stem	from	early	work	on	‘working	memory’	[113]	

underpin	 proficiency-based	 progression	 using	 simulation	 [114].	 Proficiency-

based	progression,	 removing	vulnerable	patients	 from	 the	 setting,	has	proven	

that	tasks	can	be	simulated	and	those	skills	measured	precisely	[115],	[94].	This	
facilitates	assessment	and	feedback,	thereby	improving	the	skills	of	the	trainee	

and	 can	 ameliorate	 lack	 of	 training	 time,	 facilities	 and	 expertise	 available	 to	

trainees.	

Many	healthcare	tasks	can	be	simulated	using	computer	and	web	technology	for	

training	purposes	and	provide	trainees	(students	and	practicing)	with	a	way	to	

improve	 or	maintain	 their	 knowledge	 and	 skills	 [20],	 [93],	 [116].	 The	 area	 of	

simulation-based	 training,	 especially	 in	 the	 form	 of	 screen-based	 simulation	

(using	 computer	 application/web	 browser),	 still	 requires	 further	 research	 to	

fully	demonstrate	how	 it	 can	provide	an	adequate	 training	and	assessment	of	

skills	 in	 comparison	 to	 higher-fidelity	 modalities	 (e.g.	 manikin,	 standardised	

patients	and	haptic	simulators)	[117].	

This	study	involved	capturing	the	visual	attention	of	nurses	while	interpreting	

five	simulated	patient	scenarios	(representing	‘bedside’	physiological	monitors	
with	accompanying	vital	signs).	The	aim	was	to	explore	the	potential	for	visual	

attention,	 via	 eye	 gaze,	 such	 that	 the	 derived	 metrics	 could	 become	 a	 new	

component	of	assessment.	This	assessment	could	then	be	used	for	automatically	

and	non-intrusively	measuring	the	performance	of	trainees.		

The	 technology	 could	 have	 further	 implications	 for	 patient	monitoring	 at	 the	

bedside	with	 practicing	 nurses	 and	 facilitate	 long-term	measurement	 of	 their	

competency.	
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3.1.1 Nursing	and	Patient	Monitoring	

Patient	monitoring	is	a	core	role	of	a	nurse	[118],	[119],	involving	surveillance	of	

the	patient	and	the	patient’s	physiological	signals,	usually	in	the	form	of	a	vital	
signs	monitor	or	central	monitoring	unit.	

Assessments	of	vital	signs	data	is	critical	in	deciding	the	care	a	patient	requires	

and	can	be	the	difference	in	preventing	a	patient	from	unnecessary	deterioration	

or	not	[120]–[122].		

Vital	 signs	 monitoring	 (e.g.	 temperature,	 heart	 rate,	 blood	 pressure	 and	

respiratory	rate)	has	been	integral	to	care	for	over	100	years	but	we	still	read	

reports	of	inadequate	monitoring	and	decision-making	[123].	The	detection	and	

reporting	of	these	vital	signs	are	critical,	as	delays	with	required	treatment	can	

have	a	significant	impact	on	patient	outcomes	[124].	

There	is	a	desire	for	more	consistent	practice	of	high-level	patient	surveillance	

[125]	and	promotion	of	more	effective	assessment	of	patient	physiological	status	

[126].	

3.1.2 Simulation-Based	Training	for	Nursing	

Simulation-based	training	can	be	a	valid	form	of	training	for	nursing	students	and	

any	 practicing	 nurse	 seeking	 skill	 development	 [96],	 [30],	 [19],	 [127].	 Patient	

monitoring	 training	 via	 simulation-based	 training	 can	 be	 provided	 using	

standardized	 patients,	 manikin	 based	 technology	 or	 screen-based	

(computer/web)	simulators	[117].	

Screen-based	simulation	training	may	be	able	to	combat	a	known	problem	with	

training	 in	 healthcare,	 i.e.	 the	 lack	 of	 overall	 training	 time	 and	 frequency	

(repeatability)	[36].	Web-based	simulation	is	becoming	a	suitable	candidate	for	

nursing	educators	to	deliver	training	on	many	scenarios	that	require	decision-
making	skills	and	task/device	knowledge	[20].	

Medical	 and	 healthcare	 simulation	 development	 has	 been	 growing	 in	 recent	

years	[94],	[128].	However	educational	institutions	do	not	approve	every	screen-

based	 simulation-based	 training	 solution	 for	 a	 task	 that	 a	 physician	 or	 nurse	

would	 undertake	 but	 they	 are	 aware	 of	 the	 gaps	 that	 exist	 [6].	 Screen-based	

training	also	 lacks	 tactile	and	haptic	 components	during	 the	 simulation	 [117].	
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One	 area	 of	 interest	 in	 researching	 performance	 is	 the	 link	 between	 visual	

attention,	 attentional	 capacity	 and	 task	 performance	 (specifically	 high-level	

performance).	 This	 area	 could	 investigate	 if	 visual	 attention	 metrics,	 while	

performing	a	set	task,	provide	insights	to	the	participant	performance	level.	

3.1.3 Visual	Attention	and	Patient	Safety	

The	concept	of	visual	attention	during	a	task	has	been	tested	in	many	medical	

and	healthcare	studies	[129],	[130],	[131],	[132],	[69].	The	mind-eye	hypothesis	

[8]	 states	 that	 measurements	 of	 visual	 attention	 may	 indicate	 underlying	

cognitive	 activity	 [9],	 [10],	 [11].	 Put	 differently,	 could	 where	 someone	 looks	

indicate	 their	 training	 level,	 their	 current	 state	 of	 awareness,	 uncertainty	 and	

most	 critically,	 the	 likelihood	 that	 their	 future	 actions	 could	 cause	 harm	 to	

patient?	An	example	is	a	recent	study	performed	with	surgical	tasks	[130]	which	

was	able	to	distinguish	between	novices	and	experts	using	eye	tracking	metrics	

alone.	

3.1.4 Study	Objective	

The	use	of	eye	tracking	technology	by	healthcare	practitioners	has	been	recently	

reported	in	the	research	literature.	The	study	of	this	previous	work	has	led	us	to	

hypothesise	that	eye	tracking	metrics	exclusively	have	a	relationship	with	task	

performance	and	can	discriminate	between	performance	 level	observed	when	

nurses	interpret	patient	vital	signs	from	a	monitor.	

The	 objective	 is	 to	 determine	 if	 eye-tracking	 technology	 can	 be	 used	 to	

develop	biometrics	for	automatically	predicting	the	performance	of	nurses	

whilst	they	interact	with	computer-based	simulations.	

This	 exploratory	 research	 study	 captures	 the	 visual	 attention	 of	 nurses	 (with	

varied	experience	levels)	when	reading	patient	vital	signs,	interpreting	them	and	
making	recommendations	while	using	a	vital	sign	monitor	at	the	bedside.		
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3.2 Materials	and	Methods	

A	series	of	simulated	vital	signs	scenarios	assess	their	ability	at	this	task.	These	

were	 designed	 and	 validated	 by	 expert	 nurses	 at	 Ulster	 University.	 The	

participant’s	 visual	 attention	 was	 captured	 using	 a	 Tobii	 X60	 Eye-Tracker	

(http://www.tobii.com).	This	non-intrusively	acquires	eye	gaze	fixations	using	

invisible	 infrared	 light	 that	 reflects	 off	 the	 cornea	 and	 employs	 trigonometric	

functions	to	approximate	the	loci	of	the	eye	gaze,	providing	us	with	eye	tracking	

metrics.	 The	 eye	 tracker	 data	 rate	 is	 60Hz	 with	 mean	 latency	 of	 30-35ms,	

precision/accuracy	 of	 0.5º,	 max	 gaze	 angles	 of	 35º	 and	 the	 tracking	 is	

accomplished	by	light	and	dark	pupil	tracking.	The	participant’s	heart	rate	during	

the	performance	was	recorded	using	photo	plethysmography	via	Empatica’s	E4	

wristband	 (http://www.empatica.com).	 Their	 responses	 to	 the	 NASA-TLX	
(http://humansystems.arc.nasa.gov)	questions,	post-performance,	were	used	to	

measure	their	cognitive	load	during	the	entire	performance.		

	

There	are	no	direct	comparable	studies	conducted	previously	for	visual	attention	

during	interpretation	of	patient	vital	signs	(although	similar	research	has	been	

conducted	with	patient	monitoring	within	the	patient	room	with	no	particular	

task	focus	[11]).	However,	there	are	some	studies	that	have	loose	connections,	

including	a	study	on	cancer	diagnosis	patterns	which	focused	on	the	time	to	first	

Fixation	metric	[104].	There	is	also	pilot	study	that	used	fixation	counts	as	a	main	

metric	from	a	stationary	eye	tracker	for	interpretations	of	breast	biopsy	[105].	

Finally,	the	closest	study	to	the	proposed	study	here,	is	one	using	fixation	count	

and	fixation	duration	metrics	from	the	same	stationary	eye	tracker	mentioned	

above	(Tobii	x60)	for	interpreting	radiography	images	[110].		
As	a	result	of	no	direct	comparison	in	terms	of	setting	(monitoring	ward)	or	task	

(patient	vital	signs	monitor),	all	performance	metrics	were	collected	for	analysis	

since	no	underlying	models	currently	exist	in	the	literature.	This	facilitates	a	free	

exploration	of	the	data	to	uncover	what	patterns	exist.		
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The	research	study	was	submitted	to	the	Faculty	of	Computing	and	Engineering	

Ethics	 -	 Filter	 Committee	 at	 Ulster	 University	 and	 was	 approved	 before	 data	

collection	began	(ref:	20150901-15.39).	

3.2.1 Simulated	Vital	Signs	Scenarios	

A	series	of	simulated	vital	signs	scenarios	were	developed	to	assess	their	ability	

at	 this	 task.	 The	 scenarios	 were	 developed	 specifically	 for	 this	 study	 as	 no	

standardised	scenarios	were	available	which	would	have	been	applicable	for	all	

participants.	 The	 baseline	 for	 each	 scenario	 was	 developed	 from	 curriculum	

learning	outcomes	specified	by	the	Nursing	and	Midwifery	Council	standards	for	

pre-registration	 nurse	 education	 in	 the	 United	 Kingdom	 (UK)	 [133]	 and	 the	

format	based	on	typical	scenarios	of	patient	care	that	would	be	encountered	by	

nurses	in	practice.	Each	scenario	and	the	score	allocation	guide	was	sent	to	three	

nurses	deemed	as	expert	by	 their	professional	 and	academic	qualification	 (all	

nurses	 educated	 to	Master’s	 level),	 clinical	 practice	 and	 education	 experience	

(each	at	least	15	years	across	cardiology,	neurology	and	critical	care	settings)	and	

active	 involvement	 in	Resuscitation	Council	UK	 Immediate	 and	Advanced	Life	
Support	training	courses	which	include	the	assessment	of	the	sick	patient	[134].	

They	were	asked	to	comment	on	the	realism	and	clinical	accuracy	of	the	scenarios	

and	 the	 expected	performance	 level	 as	 reflected	 in	 the	 score	 allocation	guide.	

Their	feedback	indicated	that	the	scenarios	reflected	the	symptomatology	of	the	

patients	 and	 the	 expected	 care	 response	 was	 realistic	 for	 current	 nursing	

practice.	

The	data	provided	in	Table	3-1	detail	the	scenarios	used	in	this	study	for	each	

participant,	and	Table	3-2	outlines	the	assessment	criteria	for	the	performance	

score	they	received.	The	criteria	assessed	participants’	verbal	responses	at	three	

levels	and	scores	were	allocated	according	to:	

Low-level	criteria:		

Identification	of	abnormalities	in	the	presented	vital	signs	

Mid-level	criteria:		

Identification	of	why	the	abnormalities	occurred	based	on	their	knowledge	and	
understanding	of	the	presenting	condition	outlined	in	the	case	scenarios.	

High-level	criteria:		
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Identification	 of	 and	 decision-making	 about	 the	 immediate	 interventions	

required	to	stabilise	the	patient.	
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Table	3-1	Simulated	Vital-Signs	Scenarios	

ID	 Vignette	Text	 ECG	
Heart	Rate	

(BPM)	

Arterial	

Blood	

Pressure	

(mmHg)	

Oxygen	

Saturation	

(%)	

Respiratory	

Rate	

(Breaths	/	

min)	

Temp	

(˚C)	

Ja
m
es
	

“69-year-old	man	who	is	being	cared	for	on	a	medical	ward.	He	was	

diagnosed	with	COPD	(chronic	obstructive	pulmonary	disease)	10	

years	ago.	He	complains	of	shortness	of	breath	when	you	are	checking	

his	observations	as	part	of	his	assessment.	What	do	his	vital	signs	

suggest	to	you?”	

Sinus	

Tachycardia	
108	 140/86	 85	 25	 37.2	

Ch
ar
lie
	

“45-year-old	man	admitted	to	the	cardiology	ward	three	hours	ago	

complaining	of	acute	chest	pain.	You	are	taking	over	his	care	and	

carry	out	a	set	of	observations.	What	do	his	vital	signs	suggest	to	

you?”	

Atrial	

Fibrillation	
92	 100/60	 95	 18	 36.6	

Su
sa
n	

“50-year-old	lady	who	has	just	returned	from	theatre	to	your	surgical	

following	abdominal	surgery.	As	you	settle	her,	she	complains	of	

severe	pain.	What	sense	do	you	make	of	her	observations?”	

Sinus	

Tachycardia	
140	 72/46	 90	 26	 36.1	

El
iz
ab
et
h	 “65-year-old	lady	admitted	to	the	respiratory	ward	with	an	acute	

respiratory	infection.	She	started	on	her	third	course	of	intravenous	
Normal	Sinus	 92	 160/82	 90	 25	 37.8	
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antibiotics	yesterday	and	has	called	you	over	as	she	is	experiencing	

acute	coughing.	What	do	the	following	observations	suggest?”	

Jo
e	

“18-year-old	student	who	has	been	admitted	to	the	Emergency	

department	after	being	found	in	a	drowsy	state	by	his	friends	

following	a	party	last	night.	What	do	his	vital	signs	suggest	to	you?”	

Sinus	

Bradycardia	
45	 100/55	 90	 6	 36.2	
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Table	3-2	Scenario	Interpretation	Assessment	Criteria	

Patient	
Simulated	Vital	Signs	Scenario	Interpretation	Criteria	

Basic	(5	points)	 Mid-level	(2	points)	 High-level	(3	points)	

James	

1. Heart	rate	is	high.	

2. Normal	blood	pressure.	

3. High	respiratory	rate.	

4. Low	saturation.	

5. High	temperature.	

1. James	has	COPD	so	his	saturation	would	

normally	be	low,	but	his	respiratory	rate	is	

high.	

2. His	high	temperature	(and	heart	rate)	could	

suggest	a	chest	infection.	

He	needs:	

1. A	sputum	sample	should	be	taken	to	see	if	

infection	is	present.	

2. He	should	be	nursed	in	an	upright	position.	

3. Oxygen	therapy	should	be	considered	(with	

close	monitoring).	

Charlie	

1. Heart	rate	is	high,	with	an	irregular	rhythm.	

2. Low	blood	pressure.	

3. Respiratory	rate	higher	end	of	normal.	

4. Saturation	lower	than	it	should	be.	

5. Temperature	normal.	

1. Charlie	is	young	and	has	chest	pain,	it	could	be	

a	sign	of	an	acute	MI.	

2. He	is	in	an	abnormal	rhythm	which	could	

indicate	damage	to	his	heart.	

He	needs:	

1. to	have	a	12	lead	ECG.	

2. to	be	referred	for	an	urgent	medical	

assessment.	

3. to	have	prescribed	medication	administered	

for	any	pain.	

Susan	

1. Heart	rate	very	high.	

2. Blood	pressure	very	low.	

3. Respiratory	rate	high.	

4. Saturation	low.	

5. Temperature	low.	

1. She	is	at	risk	of	haemorrhaging	after	surgery.	

2. Her	vital	signs	suggest	that	she	is	experiencing	

hypovolemic	shock.	

She	needs:	

1. an	emergency	assessment	by	the	surgical	team	

to	find	out	where	she	is	bleeding	from.	

2. Intravenous	fluids/blood/fluid-resuscitation	

urgently		
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Patient	
Simulated	Vital	Signs	Scenario	Interpretation	Criteria	

Basic	(5	points)	 Mid-level	(2	points)	 High-level	(3	points)	

3. to	return	to	theatre	as	an	emergency.	

Elizabeth	

1. Heart	rate	high.	

2. Blood	pressure	high	end	of	normal.	

3. Respiratory	rate	high.	

4. Oxygen	Saturation	low.	

5. Temperature	high.	

1. She	could	have	dislodged	a	plug	of	sputum	

which	is	causing	her	to	cough.	

2. She	may	require	oxygen	therapy	to	correct	her	

oxygen	saturations.	

She	needs:	

1. a	full	respiratory	assessment	with	auscultation	

to	assess	her	air	entry.	

2. nebulized	humidification	to	help	her	

expectorate	effectively.	

3. chest	physiotherapy.	

Joe	

1. Slow	heart	rate.	

2. Blood	pressure	lower	end	of	normal	(for	his	

age).	

3. Low	respiratory	rate.	

4. Saturations	low.	

5. Temperature	low.	

1. He	may	have	taken	drugs	during	the	party	–	

either	deliberately	or	by	having	his	drinks	

spiked.	

2. His	symptoms	need	to	be	treated	by	oxygen	

therapy.	

1. It	is	important	to	find	out	what	substances	

were	taken.	

2. Was	this	recreational	drug	use	or	deliberate	

drug	overdose?	

3. He	may	also	be	intoxicated	so	an	assessment	

may	be	difficult.	
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Participant	scores	out	of	10	(referred	as	Performance	Score)	were	then	put	into	

categories	for	Performance	Level	according	to	expert	advice:		

0-5	=	low-level	

6-7	=	mid-level	

8-10	=	high-level	

A	consensus	was	established	that	we	would	categorize	their	Performance	Score	

by	the	same	labels	as	Performance	Level	(low,	mid,	high),	despite	there	being	no	

direct	relationship	between	the	criteria	 levels	and	the	 total	score	awarded	 for	

each	 scenario.	 This	 would	 allow	 us	 an	 easier	 understanding	 of	 range	 of	

performances	within	the	dataset	collected.		

The	lead	nurse	practitioner	led	the	design	process	by	identifying	some	commonly	

encountered	nursing	assessment	scenarios	involving	a	variety	of	clinical	practice	

settings	and	a	range	of	symptoms	and	conditions	to	include	key	body	systems	–	

respiratory,	cardiovascular,	neurological	and	the	impact	of	deterioration	on	the	

body.	Scenarios	covered	a	range	of	activities	specified	in	the	ABCDE	assessment	

framework	recommended	by	the	Resuscitation	Council	UK	and	pitched	at	a	level	

judged	 suitable	 for	 student	 nurses	 (who	 had	 covered	 the	 knowledge	 and	

application	to	practice	in	their	degree	programme)	and	nurses	who	were	actively	

registered	to	practice	in	the	UK.		

Storyboards	were	initially	used	to	provide	an	agreed	structure	and	details	were	

incorporated	to	add	clinical	and	practice	realism.	

The	vital	 signs	monitor	 in	 these	scenarios	displays	an	electrocardiogram	 lead,	

heart	rate,	the	waveform	and	numeric	components	for	arterial	blood	pressure,	

central	 venous	 pressure,	 oxygen	 saturation	 and	 the	 numeric	 displays	 of	

respiratory	rate	and	temperature.	The	Tobii	software	allows	us	to	present	media	

to	the	participant.	The	sequence	of	scenarios	provided	the	participant	with	a	text	

briefing	(vignette),	followed	by	a	video	recording	of	a	simulated	vital	signs	screen	

each	time.	
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The	 recording	of	 the	 simulated	vital	 signs	 screen	was	 taken	 from	a	 simulated	

monitor	component	of	Laerdal’s	SimMan®22	and	was	approximately	1	minute	in	

duration.	

3.2.2 Recruitment	

The	 study	 included	 participants	 who	 were	 either	 currently	 in	 training	

(undergraduate	 level)	 or	 who	 had	 already	 received	 a	 nursing	 qualification.	

Recruitment	was	performed	using	convenience	sampling	(including	no	bias	or	

incentive)	from	two	locations	within	Northern	Ireland:	

• School	of	Nursing,	Ulster	University	

• Clinical	 Translational	 Research	 and	 Innovation	 Centre	 (C-TRIC),	

Altnagelvin	Area	Hospital.	

Ulster	 University’s	 school	 of	 nursing	 provided	 recruitment	 of	 student	 nurses,	

referred	 to	 as	 the	 training	 group	 (n=37,	 mean	 age=27.31	 years,	 mean	

experience=0	years),	with	an	assumption	that	scores	would	be	skewed	towards	

low	 level	 performances.	 C-TRIC	 at	 Altnagelvin	 area	 hospital	 provided	

recruitment	of	coronary	care	nurses,	 referred	to	as	 the	qualified	group	(n=11,	

mean	age=31.91	years,	mean	experience=8.73	years),	with	an	assumption	that	

scores	would	be	skewed	towards	high	level	performances.	

3.2.3 Study	Protocol	

The	 protocol	was	 designed	 to	 deliver	 a	 non-intrusive	 collection	 of	 biometrics	

(visual	attention	&	heart	rate),	NASA-TLX,	and	verbal	data	(think-aloud)	while	

the	participant	performed	interpretations	for	five	scenarios.	

• The	 participant	 was	 brought	 into	 room,	 they	 read	 the	 study	

information	sheet	provided	to	them	and	signed	the	consent	form.		

• They	were	asked	to	sit	in	the	chair	in	front	of	a	display	monitor	and	eye	

tracker.		

	
22 http://www.laerdal.com 
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• Then	were	asked	to	maintain	the	same	distance	from	chair	to	desk.	No	

restrictions	 were	 made	 for	 whether	 they	 should	 adjust	 their	 visual	

attention	or	not	from	the	monitor	during	their	performance.		

• They	were	asked	to	wear	the	E4	wristband	during	the	interpretations.	

Assistance	with	this	was	provided	if	needed.		

• The	 participant	 had	 their	 eye	 tracking	 calibrated	 (required	 by	 Tobii	

software).	Adjustments	were	made	accordingly	if	the	calibration	was	

not	 able	 to	 complete.	 Calibration	 is	mandatory	before	 recording	 can	

begin.	

• The	participant	was	briefed	the	following:		

o They	will	perform	five	interpretations.		

o For	each	scenario,	 they	will	 first	read	a	text	vignette	which	is	a	

brief	 of	 the	patient’s	 context	 scenarios.	Note:	 The	 vignette	was	

provided	 on	 the	 LCD	 screen	 to	 the	 participant	 before	 the	 vital	

signs	were	shown.	Participants	had	as	much	 time	as	needed	 to	

read	 the	 short	 vignette	 and	 prime	 themselves	 on	 the	 scenario.	

They	did	not	have	a	version	of	the	vignette	on	paper.	However,	

the	 participant	 gave	 a	 signal	 to	 the	 investigator	 once	 they	 felt	

ready	and	satisfied	to	move	on	and	interpret	the	vital	signs.		

o They	will	 indicate	 to	 the	 coordinator	 they	are	 ready	 to	 see	 the	

patient	vital	signs.		

o Once	the	vital	signs	are	visible	on-screen,	they	should	think	aloud,	

interpret	and	make	recommendations	for	the	patient.	

o When	 each	 scenario	 performance	 (interpretation)	 is	 finished,	

they	will	provide	 their	confidence	 for	 it,	1-10	(1=not	confident,	

10=very	confident).		

o They	 can	 ask	 to	 stop	 the	 study	 at	 any	 point	 if	 they	 feel	

uncomfortable.		

o The	participant	performed	their	readings	and	interpretations	for	

the	five	scenarios.		

• Once	finished	they	removed	the	E4	wristband	(if	worn).		

• They	were	finally	asked	if	they	would	respond	to	the	NASA-TLX	survey	

before	finishing	the	study	and	leaving.	
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• Participant	 performances	 were	 scored	 by	 the	 author	 under	 the	

guidance	of	expert	nursing	criteria	discussed	in	3.2.1	and	provided	in	

Table	3-2.	

• Scores	were	then	reviewed	by	expert	nurses	to	with	samples	to	confirm	

consistency.	

	

	

Figure	3-1	Participant	point	of	view	during	scenario	performance	 -	vital	

signs	 screen	 presented	 on	 display	 monitor	 and	 stationary	 eye	 tracker	

positioned	below.	

3.2.4 Data	Analysis	

The	scores	attained	by	the	participant	and	used	in	the	analysis	are	summations	

of	the	points	awarded	from	the	three	levels	of	criteria.	The	performance	levels	

are	given	similar	names	but	classification	analysis	using	these	categories	are	not	

reported	in	this	paper	(future	work	will	look	at	this).	We	are	using	the	total	score	

awarded	 for	 each	 scenario	 as	 a	 continuous	 variable,	 in	 both	 correlation	 and	

statistical	model	development.		
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The	eye	tracking	data	was	screened	for	recording	quality	provided	by	the	Tobii	

software.	Recording	quality	 is	 a	measurement	of	 total	 eye	gaze	data	 recorded	

during	 the	 participant’s	 performance	 –	 the	 higher	 percentage,	 the	more	 data	

collected.	Unfortunately,	this	means	any	attention	away	from	the	screen	results	

in	 a	 low	 result	 for	 this	 measurement.	 That	 does	 not	 necessarily	 mean	 poor	

experimental	 design	 or	 mechanical	 fault	 with	 the	 eye	 tracking	 hardware.	

However,	a	measurement	of	0%	does	certainly	indicate	a	fault	with	the	recording.	

The	recording	quality	was	tested	for	correlation	to	the	performance	score	but	a	

small	effect	without	statistical	significance	was	found	(r	=	-0.09,	P	=	0.161).	We	

tested	the	correlation	to	confirm	whether	recording	quality	as	a	variable	could	

be	interpretable	to	participant	behaviour	during	eye	tracking.		

Only	recordings	with	>50%	recording	quality	were	included	in	this	analysis.	A	

cut-off	of	50%	was	used	to	allow	inclusion	of	participants	who	did	look	away	but	

also	to	maintain	a	certain	amount	of	visual	attention	on	the	screen.	Numerous	

eye	 tracking	 metrics	 provided	 by	 the	 Tobii	 X60	 eye	 tracker	 were	 measured	

during	the	scenario	performances.	Areas	of	Interest	were	predefined	as	shown	in	

Figure	3-2.		The	eye	tracking	metrics	are	described	in		Table	3-3.		

In	 addition	 to	 those	99	metrics,	 two	 further	 calculations	were	made	 to	 create	

Fixation	Frequency	and	Visit	Frequency	across	all	on-screen	objects	during	any	

recorded	 eye	 gaze	 activity.	 Fixation	 Frequency	 and	 Visit	 Frequency	 were	

calculated	 manually	 from	 other	 metrics	 provided.	 We	 did	 this	 by	 using	 the	

summation	of	Total	Visit	Duration	(seconds)	for	all	areas	of	interest	(AOIs)	and	

the	non	AOIs,	providing	us	with	suitable	total	eye	gaze	activity	duration	to	use	for	

the	vital	signs	portion	of	each	scenario.	We	then	divide	this	by	the	summation	(all	

AOIs	and	Non-AOIs)	of	Fixation	Count	(for	Fixation	Frequency)	and	Visit	Count	

(for	Visit	Frequency).	This	should	be	correct	regardless	of	head	movement	away	

from	the	screen.		

Delta	heart	rate	(∆HR)	is	measured	as	the	difference	between	the	participant’s	

final	heart	rate,	once	the	performance	is	complete,	and	the	initial	recorded	heart	

rate	 when	 they	 began	 interpreting.	 NASA-TLX’s	 question	 responses	 are	

quantified	and	used	for	an	overall	NASA-TLX	Score	(out	of	600).	Then	we	convert	

to	 a	 percentage	 to	 measure	 the	 participant’s	 self-reported	 cognitive	 load.	 All	

correlation	tests	were	performed	using	a	Pearson	product-moment	correlation	
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(r)	 assessing	 the	 degree	 of	 the	 linear	 relationship	 between	 two	 variables.	 An	

independent	 t-test	was	used	 for	 significance	 testing	 (where	α	=	0.05),	using	a	

Welch	two-tailed	t-test	assuming	unequal	variance.	Bonferroni	correction	to	the	

alpha	value	was	applied	given	there	are	many	significance	tests.		

Multiple	 linear	 regression	 models	 were	 developed	 using	 different	 feature	

selection	methods	and	their	fitness	was	evaluated	using	the	adjusted	R	squared	

value.	This	method	was	chosen	as	we	want	to	target	the	performance	score	to	

begin	with	as	a	continuous	number.	Not	only	that	but	regression	models	are	a	

good	starting	point	for	the	beginning	of	a	modelling	project	as	you	can	potentially	

make	inferences	from	them.	

Multiple	linear	regression	models	take	the	form:		

!" = 	%! +	%"'" +	%#'# +⋯+	%$'$ + 	)	
	

The	number	of	eye	tracking	predictors	considered	for	statistical	modelling	was	

99	of	Tobii	software	produced	metrics,	in	addition	to	the	two	of	our	own	(visit	

frequency	and	fixation	frequency)	making	101	eye	tracking	metrics	in	total.		

	

Those	99	Tobii	eye	tracking	metrics	are	derived	from	eye	gaze	data	from	each	of	

the	10	vital	signs	screen	components/AOIs	shown	in	Figure	3-2	(an	additional	

non-AOI	measurement	makes	11	in	total)	with	the	9	temporal	metrics	detailed	in	

Table	3-3	(9	x	11	=	99	eye	tracking	metrics	for	each	observation).	The	statistical	

model	 was	 evaluated	 using	 leave	 one	 out	 cross	 validation	 (k	 folds	 =	 n	

observations)	 and	 we	 report	 the	 mean	 square	 error.	 Means	 and	 standard	

deviations	(SDs)	were	presented	as	mean	±SD.	All	analysis	presented	was	carried	

out	using	the	R	(http://www.r-project.org)	programming	language	through	the	

R	Studio	IDE	(http://www.rstudio.com).	
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Figure	 3-2	 Simulated	 Vital	 Signs	 Scenario	 –	 Areas	 of	 Interest	 used	 in	

analysis	are	outlined	in	the	rectangular	boxes.	
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Table	3-3	Explanation	of	eye	tracking	metrics	provided	by	Tobii	software.	

Eye	Tracking	Metric	 Definition	 Insight	[49]	

Time	to	First	Fixation	

(s)	

How	long	it	takes	before	a	

participant	fixates	on	an	AOI	for	

the	first	time.	

Indicates	the	search/scan	path	

(e.g.	top	to	bottom)	of	the	

participant	and	generally	the	

shorter	time	taken,	the	higher	

efficiency	of	finding	the	AOI.	

Fixations	Before	

Number	of	times	the	participant	

fixates	on	the	media	before	

fixating	on	an	AOI	for	the	first	

time.	

N/A.	

First	Fixation	

Duration	(s)	

Duration	of	the	first	fixation	on	

an	AOI.	

Usually	reflects	the	time	taken	

for	recognition	and	identification	

of	an	object.	

Fixation	Duration	(s)	
Mean	duration	of	individual	

fixations	within	an	AOI.	 Generally	longer	fixations	equal	

deeper	and	effortful	processing.	Total	Fixation	

Duration	(s)	

Sum	of	the	duration	for	all	

fixations	within	an	AOI.	

Fixation	Count	
Number	of	times	the	participant	

fixates	on	an	AOI.	

Significantly	more	fixations	land	

on	semantically	informative	

areas.	

Visit	Duration	(s)	
Mean	duration	of	individual	

visits	within	an	AOI.	

Insight	from	this	appears	to	

depend	on	the	semantics	of	the	

object	and	the	task	of	participant.	

Usually	sensitive	to	slow	and	

long-term	cognitive	processes.	

Total	Visit	Duration	

(s)	

Duration	of	all	visits	within	an	

AOI.	

Visit	Count	 Number	of	visits	within	an	AOI.	
Sensitive	to	semantic	

informativeness.	
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3.3 Results	

In	 this	 section	 the	 results	 of	 the	 study,	 after	 the	 conducted	 data	 analysis,	 are	

presented.	

3.3.1 Interpretation	Performance	Summary	

Individual	interpretations	(one	interpretation,	one	observation)	were	scored	and	

categorised	according	to	criteria	(see	previous	Table	3-1	and	Table	3-2)	and	the	

results	are	shown	in	Table	3-4	below.	

		

Table	3-4	Breakdown	of	performance	by	groups	and	overall.	

Performance	

Level	
Training	 Qualified	 All	

Low-Level	(0-5)	 129	(72%)	 10	(18%)	 139	(59%)	

Mid-Level	(6-7)	 45	(25%)	 25	(45%)	 70	(30%)	

High-Level	(8-10)	 6	(3%)	 20	(36%)	 26	(11%)	

	

The	mean	performance	score	for	all	(n	=	235)	observations	was	5.12	±1.85	with	

a	 full	range	of	scores	recorded	(0-10).	The	qualified	group	participants	scored	

significantly	higher	than	the	training	group	(6.85	±1.5	[n	=	55]	vs.	4.59	±1.61	[n	

=	180],	p	=	<0.0001).	

3.3.2 Reported	Confidence	

Mean	 scenario	 confidence	 for	 all	 (n	 =	 235)	 observations	 =	 6.19	 ±1.53.	 The	

qualified	 group	 reported	 significantly	 higher	 scenario	 confidence	 for	

interpretations	than	the	training	group	(7.51	±1.2	vs.	5.79	±1.39,	p	=	<0.0001)	

and	 a	 weak	 but	 statistically	 significant	 correlation	 to	 performance	 score	 was	

found	for	the	training	group	but	not	for	the	qualified	group	(r=0.32,	p	=	<0.0001	

vs.	r	=	0.21,	p	=	0.13).	
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3.3.3 Heart	Rate	Monitoring	

A	total	of	36	participants	 (25	 training	group,	11	qualified	group)	wore	 the	E4	

wristband	 during	 interpretations	 and	 analysis	 looks	 at	 the	 heart	 rate	 values	

during	 the	 entire	 performance	 –	 all	 five	 scenarios,	 instead	 of	 the	 separate	

scenario	 interpretations.	 Mean	 ∆HR	 =	 +4.10	 ±19.00	 bps,	 with	 a	 significant	

increase	 found	 among	 the	 training	 group	 compared	with	 the	 qualified	 group	

(+9.08±20.15	vs.	-3.90±22.33,	p=<0.001)	but	no	statistical	significance	was	found	

in	its	correlation	to	performance	score	(r=-0.06,	p=0.45).	

3.3.4 NASA-TLX	Survey	

A	total	of	32	participants	(21	training	group,	11	qualified	group)	responded	to	

the	 NASA-TLX.	 Mean	 total	 NASA-TLX	 score	 =	 248.13	 ±81.35	 (41.4%	 total	

cognitive	 load)	 for	 all	 participants	with	 no	 significant	 difference	 between	 the	

training	and	qualified	groups	(244.76	±92.19	vs.	254.55	±55.25,	p	=	0.4)	and	no	

statistical	significance	was	found	in	its	correlation	to	performance	score	(r=-0.04,	

p=0.65).		

3.3.5 Eye-Tracking	Metrics	Correlating	with	Performance	Score	

In	total,	only	13	eye	tracking	metrics	out	of	101	available	provided	a	statistically	

significant	correlation	 to	performance	score	shown	 in	Table	3-5.	However	not	

one	 of	 these	 metrics	 is	 a	 strong	 or	 even	 moderately	 strong	 correlation	 to	

performance	score.	The	strongest	correlation	found	was	the	measured	visit	count	

on	the	arterial	blood	pressure	(wave)	(r	=	0.28,	p	=	<0.01).	The	highest	count	of	

correlations	was	metrics	for	any	non-area	of	interest:	total	visit	duration,	total	

fixation	duration,	fixation	count	and	visit	count.	
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Table	3-5	Significant	correlations	for	area	of	interest	eye	tracking	metrics	

to	performance	score.	

Area	of	Interest	
Eye	Tracking	Metric	 r	 P	=	

Central	Venous	Pressure	

(Wave)	

Fixations	Before	 0.15	 0.04	

Visit	Count	 0.26	 <0.01	

Temperature	(Numeric)	
Fixations	Before	 0.15	 0.03	

Visit	Count	 0.16	 0.02	

Any	Non-AOI	

First	Fixation	Duration	 -0.17	 0.02	

Fixation	Count	 0.20	 <0.01	

Total	Visit	Duration	 0.16	 0.03	

Visit	Count	 0.28	 <0.01	

ECG	(Wave)	
Fixation	Count	 0.17	 0.01	

Visit	Count	 0.21	 <0.01	

Arterial	Blood	Pressure	(Wave)	 Visit	Count	 0.29	 <0.01	

Heart	Rate	(Numeric)	 Visit	Count	 0.15	 0.04	

Respiratory	Rate	(Numeric)	 Visit	Count	 0.17	 0.02	

3.3.6 Discriminating	 Performance	 Level	 Using	 Eye-Tracking	

Metrics	

Participant	eye	tracking	metrics	were	selected	by	performance	level	categories	

(low/mid/high)	 and	 significance	 testing	 (t-test)	 is	 performed	 on	 all	 areas	 of	

interest	to	find	those	metrics	that	best	discriminate	between	performance	level.	

The	most	notable	results	(using	standard	a	=	0.05),	are	shown	in	Table	3-6.	Due	

to	the	number	of	hypothesis	tests	(101	metrics),	an	adjustment	is	required	for	

statistical	significance.	Thus,	with	the	Bonferroni	correction	applied	(a	=	0.0005),	

no	metrics	were	statistically	significant.	The	two	most	notable	results	between	

low	and	high-performance	 level	have	been	presented	 in	Figure	3-3.	 It	 is	 likely	

that	individual	metrics	on	each	area	of	interest	are	not	enough	by	themselves	to	

discriminate.	It	must	be	noted	these	two	results	show	some	outliers:	low	score	

group	with	(mean)	Visit	Duration	on	Temperature	and	the	high	score	group	with	

First	Fixation	Duration	on	a	Non-AOI.	These	have	been	left	in	to	retain	as	much	
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data	 as	 possible	 for	 analysis	 but	 could	be	 removed	 to	 see	 the	 effect	 (possibly	

improving	the	significance	or	lowering	it).	However,	the	combination	of	variables	

is	 more	 effective	 in	 predicting	 performance	 score	 or	 performance	 level.	

Supplementary	visualisation	of	the	data	comparison	between	performance	levels	

are	provided	by	visiting	the	web	addresses	given.	

For	a	more	complete	look	at	the	differences	between	the	performance	levels,	two	

supplementary	 figures	 can	 be	 accessed	 online.	 These	 contain	 boxplot	

comparisons	 between	 the	 three	 levels	 for:	 (1)	 First	 Fixation	 Duration,	 Total	

Fixation	 Duration	 and	Total	 Visit	 Duration	 at	 http://tinyurl.com/z888ya6.	 (2)	

Fixation	Count,	Visit	Duration	and	Visit	Count	at	http://tinyurl.com/gtpused.		

The	 stars	 in	 these	 figures	 represent	 statistical	 significance	 like	 mentioned	 in	

Table	 3-6	 (note:	 stars	 placed	 centrally/below	 ‘med’	 represent	 the	 statistical	

significance	between	low	and	high).	The	x-axis	contains	the	levels	(e.g.,	low,	high)	

and	the	y-axis	the	eye	tracking	metric	on	an	AOI	–	including	the	measured	non-

areas	of	interest.	Metrics	have	been	abbreviated	in	these	figures	(e.g.,	time	to	first	

fixation	=	ttff,	arterial	blood	pressure	(numeric)	=	abp.num).		
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Table	 3-6	 Notable	 differences	 between	 metrics	 compared	 between	 the	

performance	levels.	

Area	of	Interest	 Eye	Tracking	Metric	
Discriminating	

Test	
P	=	

Heart	Rate	(Numeric)	
Time	to	First	Fixation	 Low	vs.	Mid	 0.03	

First	Fixation	Duration	 Mid	vs.	High	 0.04	

Oxygen	Saturation	(Numeric)	
Time	to	First	Fixation	 Mid	vs.	High	 0.03	

Fixations	Before	 Mid	vs.	High	 0.02	

Any	Non-AOI	

First	Fixation	Duration	 Low	vs.	High	 0.005	

Fixation	Count	 Low	vs.	Mid	 0.03	

Visit	Count	 Low	vs.	Mid	 0.003	

Respiratory	Rate	(Numeric)	

Total	Fixation	Duration	 Mid	vs.	High	 0.005	

Visit	Duration	 Mid	vs.	High	 0.04	

Visit	Duration	 Low	vs.	High	 0.03	

Total	Visit	Duration	 Mid	vs.	High	 0.006	

Arterial	Blood	Pressure	

(Numeric)	
Visit	Duration	 Low	vs.	Mid	 0.02	

Temperature	(Numeric)	

Visit	Duration	 Mid	vs.	High	 0.03	

Visit	Duration	 Low	vs.	High	 0.006	

Visit	Count	 Low	vs.	Mid	 0.03	

Central	Venous	Pressure	

(Numeric)	

Total	Visit	Duration	 Mid	vs.	High	 0.04	

Total	Visit	Duration	 Low	vs.	High	 0.02	

Arterial	Blood	Pressure	(Wave)	 Visit	Count	 Low	vs.	Mid	 0.002	

Central	Venous	Pressure	(Wave)	 Visit	Count	 Low	vs.	Mid	 0.004	

ECG	(Wave)	 Visit	Count	 Low	vs.	Mid	 0.02	

With	bonferroni	correction	applied,	a	=	0.0005,	none	are	statistically	significant.	
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Figure	3-3	Boxplot	Comparisons:	Visit	Duration	(s)	 for	Temperature	and	

First	Fixation	Duration	(s)	for	Non-Area	of	Interest.	

	

A	multiple	linear	regression	model	was	built	using	eye	tracking	metrics	alone	to	

predict	the	performance	score	(0-10)	of	a	participant.	After	initial	experimenting,	

it	 was	 decided	 to	 only	 use	 observations	 that	 had	 complete	 data	 records	 (no	

missing	data)	for	attempts	to	predict	performance	score.	This	reduced	the	total	

number	of	observations	for	training	data	to	112	observations.	This	included	66	

low-level,	37	mid-level	and	9	high-level	performances	–	not	significantly	different	

from	the	full	dataset	(n=235)	performance	level	breakdown	seen	in	Table	3-4.	

The	range	of	scores	in	the	training	dataset	used	ranged	from	2/10	to	9/10.	There	

is	 no	 direct	 background	 to	 this	 type	 of	 research	 study,	 and	 we	 began	 with	

rudimentary	methods	for	selecting	independent	variables	(predictors)	to	predict	

the	dependent	variable.	The	most	elementary	method	is	the	entry	method	[135]	

(entering	all	available	predictors).	When	attempted	there	was	not	a	significant	or	

a	strong	explanatory	linear	model	found	(Adjusted	R-squared	=	0.29,	p	=	0.27).		

The	next	step	involved	removal	of	the	least	significant	predictor	(by	highest	p-

value)	and	then	re-calculating	the	model.	Repeating	this	process	until	satisfied	is	

a	method	known	as	backwards	elimination	[135].	We	continued	this	step	by	step	

until	 only	 statistically	 significant	 predictors	 remained	 in	 the	 model,	 with	 a	

significant	model	overall	(adjusted	R-squared=0.80,	p=<0.01).		

The	rudimentary	approach	was	accepted	as	it	was	the	first	analysis	of	this	type	

for	the	researcher.	Another	reason	was	that	regression	models	are	arguably	the	
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simpler	 models	 to	 understand	 if	 independent	 variables	 can	 be	 interpreted.	

Following	on	from	this,	the	initial	target	of	modelling	was	to	predict	a	continuous	

number	which	regression	is	suited	for.	

As	 another	 aside,	 no	 specific	 intervention	 was	 made	 in	 the	 modelling	 for	

confirming	the	variables	were	independent.	However,	it	is	already	mentioned	in	

the	 previous	 section	 that	 a	 bonferroni	 correction	 has	 been	 applied	 in	 testing	

correlation	strength.	However,	there	are	arguments	on	both	sides	for	correcting	

this	(see	3.4).	

It	 should	 be	 noted	 that	 no	 additional	 parameter	 setting	 was	 sought	 or	

experimented	with.	This	is	in	line	with	a	beginning	approach	to	modelling	this	

type	of	data.	Further	approaches	may	find	a	more	optimal	model.	

	

The	summary	results	of	this	final	regression	model	are	shown	in	Table	3-7.	The	

R	code	and	model	summary	which	details	 the	predictors	(both	those	 included	

and	 those	 removed	 during	 the	 selection	 process)	 can	 be	 viewed	 at	

http://tinyurl.com/j8lxtew.		

	

Table	3-7	Linear	model	predicting	performance	score	(1-10).	

Linear	Model	

Model	Choice	 Multiple	Linear	Regression	

Total	Predictors	Considered	 101	

Predictor	Selection	 Backwards	Elimination	

Number	of	Model	Predictors	 62	

Total	Training	Observations	 112	(66	Low,	37	Mid,	9	High)	

Residual	Standard	Error	 0.75	on	49	Degrees	of	Freedom	

Multiple	R-squared	 0.91	

Adjusted	R-squared	 0.80	

F-statistic	 7.94	

P	value	 3.712e-12	

Cross	Validation	

Validation	Method	 Leave	One	Out	Cross	Validation	

K	Folds	 112	

Mean	Square	Error	 1.2	
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3.4 Discussion	

The	number	of	participants	recruited	(n=47)	in	this	study,	given	the	complexity	

of	the	data	recording	was	sufficient,	with	a	good	range	of	scores	collected	(range	

=	0	to	10).	Therefore,	a	full	range	of	scores	facilitated	adequate	analysis	of	eye	

tracking	metrics	 for	discriminating	between	different	participant	Performance	

Score	 and	 Performance	 Level.	 The	 two	 groups	 of	 participants	 fulfilled	 their	

predicted	roles	of	providing	scores	at	the	opposite	ends	of	the	spectrum.	Most	

the	 low-level	scores	were	collected	 from	Training	group	and	most	of	 the	mid-

level	 and	 high-level	 scores	were	 collected	 from	Qualified	 group.	 Although	 the	

reader	is	reminded	when	reading	the	analysis	that	the	participant	count	for	the	

Qualified	 group	was	 substantially	 lower	 in	 comparison	 to	 the	Training	 group.	

With	∆HR,	the	results	suggest	that	on	average	the	Qualified	group	began	to	relax	

as	they	went	through	the	task,	whereas	on	average	the	Training	group	seemed	to	

demonstrate	a	slight	rise.		

The	 NASA-TLX	 score	 did	 not	 provide	 any	 insight	 as	 cognitive	 load	 did	 not	

correlate	 with	 Performance	 Score.	 Future	 work	 may	 include	 analysis	 of	 the	

individual	question	responses	to	the	NASA-TLX	survey.		

For	the	performance	scores	and	confidence	ratings,	due	to	the	possible	values	

being	0-10	and	1-10	respectively	(nothing	in	between	–	e.g.,	no	half	marks	in	the	

scoring),	 the	 standard	deviation	would	always	 likely	be	1.0	or	more	and	 so	 it	

turned	out	to	be.	For	predicting	on	a	scale	of	1-10	it	is	not	believed	this	is	a	major	

problem	but	usually	a	standard	deviation	>1	would	be	deemed	high	and	seen	as	

having	impact	to	the	further	analysis	or	modelling.	As	a	significant	and	accurate	

regression	 model	 was	 produced,	 this	 seems	 acceptable.	 For	 the	 heart	 rate	

monitoring	 and	 NASA-TLX	 load	 scores,	 we	 see	 very	 high	 standard	 deviations	

which	 indicate	 the	 little	 to	 no	 relationship	 between	 these	 measures	 and	 the	

groups.	

No	 strong	 correlations	 with	 any	 single	 eye	 tracking	 metric	 or	 other	

metric/measurement	with	the	Performance	Score	was	found.	However,	given	the	

complexity	of	human	decision-making,	it	is	already	unclear	if	a	large	body	of	eye	

tracking	metrics	would	correlate	collectively	with	performance	–	so	it	is	unlikely	
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that	single	measurements	on	single	AOIs	would	provide	insight.	Instead	we	see	a	

collection	of	eye	tracking	metrics	that	discriminate	between	performance	levels.	

The	 most	 discriminating	 eye	 tracking	 metrics	 are	 those	 that	 measure	 visual	

attention	taking	place	away	from	on-screen	vital	signs	(i.e.	non-AOI).		An	example	

of	this	is	that	First	Fixation	Duration	on	a	non-AOI,	decreases	as	the	Performance	

Level	 rises	 from	 low	 to	 high.	 Table	 3-3	 tells	 us	 that	First	 Fixation	 Duration	 is	

generally	indicative	of	identification	or	recognition	of	objects.	High	performers	

are	measurably	fixating	less	with	their	initial	fixation	on	non-important	objects	–	

something	that	might	seem	insignificant	but	does	discriminate	between	low	and	

high	performances.	If	we	view	the	supplementary	plots,	we	see	that	no	other	AOI	

discriminates	 this	way	between	 low	and	high	performers.	We	could	 speculate	

that	a	high	performer	is	more	capable,	intentionally	or	not,	of	disregarding	visual	

distraction	over	 the	key	objects	 that	 they	need	 to	retrieve	 information	 for	 the	

task	given.	Figure	3-3	also	shows	us	that	the	mean	Visit	Duration	(described	in	

Table	 3-3	 as	 rising	 when	 task	 objects	 have	 longer	 cognitive	 demand)	 on	

Temperature	was	 lower	with	high	performers	compared	with	 low	performers.	

The	 supplementary	 plots	 show	 us	 that	 only	 Respiratory	 Rate	 shared	 this	

discriminatory	metric	between	low	and	high	performers.	These	two	AOIs	share	

a	common	position	on	the	vital	signs	screen	–	bottom	of	the	picture	(see	Figure	

3-2)	and	don’t	require	a	waveform.	We	could	speculate	that	high	performers	do	

not	require	a	long	duration	to	recognize	these	vital	signs	and	retrieve	their	value.	

The	four	AOIs	that	discriminate	between	low	and	high	scores	are:	(1)	Respiratory	

Rate,	(2)	Central	Venous	Pressure	(numeric),	(3)	Temperature	and	(4)	any	non-

AOI.		

Following	on	from	this,	we	were	then	able	to	use	a	large	amount	of	the	101	eye	

tracking	metrics	to	produce	a	statistically	significant	multiple	linear	regression	

model.	62	eye	tracking	metrics	were	selected	through	backward	elimination	and	

then	used	 to	produce	a	predictive	model.	We	can	 reduce	 the	predictors	using	

further	 statistical	 techniques	 on	 the	 same	 dataset	 in	 future.	 With	 more	

interpretations	from	a	good	distribution	of	Performance	Level	and	a	reduction	of	

the	 dimensionality	 regarding	 the	 number	 of	 predictors,	 we	 could	 possibly	

develop	 an	 improved	 predictive	model.	 Even	 so,	 this	 result	 is	 promising	 and	

shows	that	eye	tracking	metrics	are	connected	to	the	performance	(knowledge,	
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skills	and	decision-making)	with	nurses	performing	this	 task.	This	has	several	

consequences	if	researched	further.	

One	 of	 the	 most	 valuable	 uses	 of	 eye	 tracking	 metrics,	 that	 prove	 to	 have	

predictive	 ability	 into	 Performance	 Level,	 would	 be	 in	 a	 computer-based	

simulator	like	those	already	being	evaluated	in	healthcare	[30],	[11],	[25],	[136].	

This	would	allow	for	automatically	classifying	a	nurse’s	performance.	With	more	

affordable	and	unobtrusive	eye	tracking	technology	being	developed	each	year,	

it	is	likely	to	become	ubiquitous	in	our	everyday	lives.	It	may	be	included	within	

various	 technological	 devices	 we	 use	 (e.g.	 smartphones,	 tablet	 devices).	 As	 a	

result,	the	visual	attention	of	a	user	would	become	rudimentary	input	for	many	

screen-based	 devices	 and	 could	 therefore	 become	 a	 valid	 assessment	 tool	 for	

simulation-based	training	tasks	like	the	simulated	scenarios	in	this	study.	

A	potential	opportunity	to	use	eye	tracking	metrics	is	using	them	as	a	feature	of	

patient	safety	on	vital	signs	monitors.	It	could	become	a	real-time	measurement	

of	performance	when	 interpreting	vital	signs,	essentially	allowing	the	monitor	

itself	to	become	sensitive	to	the	viewer’s	level	of	uncertainty.	They	could	then	use	

these	measurements	 to	 alert	 supervisors	 (or	 ideally	 a	 dedicated	 taskforce	 to	

monitor	 healthcare	 practitioner	 performance).	 Any	 nurses	 that	 appear	 to	 be	

struggling	 with	 the	 task	 of	 patient	 monitoring	 would	 be	 highlighted	 for	

immediate	 assistance	 from	 a	 supervising	 nurse	 and	 could	 be	 supported	 by	

further	 education	 and	 training	 in	 this	 aspect	 of	 their	 practice.	 It	 could	 offer	

targeted	 appraisal	 and	 professional	 development	 opportunities	 through	 the	

provision	 of	 real-time	 monitoring	 of	 nursing	 performance	 to	 augment	 those	

other	markers	 that	are	currently	used	to	detect	 failing	competency	with	these	

skills.	
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3.5 Limitations	

The	design	of	the	study	and	how	we	perform	analysis	to	draw	conclusions	has	a	

limitation,	as	participants	do	not	just	interpret	the	scenarios	based	on	the	vital	

signs	 portion.	 It	 must	 be	 acknowledged	 that	 the	 vignette	 primes	 their	

interpretation	 (before	 they	 even	 set	 eyes	 on	 the	 vital	 signs)	 and	 some	

participants	may	have	a	rule-based	process	that	they	already	have	set	in	motion	

regardless	of	what	the	vital	signs	show.	Participant	numbers	were	adequate	to	

provide	exploratory	data	analysis	however	more	subjects	would	allow	for	more	

accurate	results	and	perhaps	more	statistically	significant	eye	tracking	metrics.	

A	 power	 calculation	 for	 adequate	 sample	 numbers	 should	 be	 done	 for	 future	

work.	More	participants	could	uncover	additional	patterns	that	exist	within	two	

distinct	 groups	 or	 the	 performance	 levels	 we	 define	 here.	 The	 number	 of	

participants'	who	demonstrated	high-level	performance	could	 ideally	be	more	

numerous	 but	 as	 we	 see,	 not	 all	 the	 Qualified	 group	 provided	 high-level	

performances	despite	their	superior	experience	and	expertise	in	comparison	to	

the	 Training	 group.	 As	 a	 result,	 the	 dataset	 has	 many	 more	 low-level	

performances	than	the	other	two	levels	of	performance	combined.	This	limits	our	

ability	to	find	all	distinct	patterns	that	exist	in	the	top	performers	at	this	task	and	

we	 may	 not	 therefore,	 be	 able	 to	 make	 any	 recommendations	 for	 optimal	

performance	or	present	‘expert	level’	metrics	to	be	used	as	assessment	criteria.	

As	noted	in	Methods	and	Materials,	we	excluded	recordings	that	had	less	than	

50%	recording	quality	and	 this	 could	arguably	be	 lower.	This	 is	 an	automatic	

measurement	by	the	Tobii	hardware	and	software.	It	quantifies	eye	gaze	activity	

recorded	on	screen	against	the	time	spent	during	the	eye	tracking	session.	We	

used	a	conservative	threshold	of	50%	in	recording	quality	as	a	cut-off	point	–	to	

allow	enough	observations	into	the	pool	of	analysis	while	removing	some	(likely)	

poor	recordings.	The	initial	judgement	and	assumption	was	that	if	the	participant	

is	looking	away	from	the	screen	more	than	50%	of	the	time	that	it	would	not	be	

as	 insightful	 when	 analysed	 is	 potentially	 not	 true.	 As	 when	 these	 lower	

recording	quality	recordings	have	been	manually	replayed	 in	review,	 it’s	clear	

that	a	lot	do	include	eye	gaze	data	and	importantly,	high-level	performances.	It	

could	be	that	eye	tracking	recording	quality	is	not	as	critical	as	first	thought	for	
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this	task	–	given	the	real	task	would	likely	not	see	nurses	watching	the	screen	

without	altering	 their	 visual	 attention	 to	elsewhere	 in	 the	 room	or	ward.	One	

further	factor	for	low	measured	recording	quality	is	a	technical/hardware	fault.	

This	is	when	you	see	recording	sessions	with	a	measurement	of	anything	from	

0%	(definite	fault)	to	perhaps	as	high	as	30%.	To	confirm	this,	we	can	replay	the	

recordings	(as	we	did	for	assessment).	If	no	eye	gaze	activity	is	shown	on	the	vital	

signs	portion,	despite	clear	evidence	that	the	participant	is	responding	verbally	

to	the	information	on	screen,	then	you	can	categorise	that	performance	as	having	

a	technical	failure.	In	our	review	of	recordings,	2	of	the	47	participant	recordings	

were	categorised	as	such.	The	eye	tracking	metrics	themselves	are	limited	to	the	

temporal	 form	–	which	 is	 the	 statistics	 provided	 by	 the	 proprietary	 software.	

Other	 eye	 tracking	 solutions	 provide	 spatial	metrics	 as	 well,	 for	 example	 the	

dispersion	 of	 fixations	 or	 the	 scan	 path	 length	 in	 pixels.	 These	 could	 provide	

potentially	different	forms	of	insight	to	these	tasks	that	we	are	unable	to	gather	

without	them.	Another	potential	issue	is	regarding	the	assessment	method	which	

asked	 the	 participant	 to	 concurrently	 think	 aloud.	 This	 is	 a	 traditional	 and	

commonly	used	method	and	widely	accepted	[137].	It	receives	some	criticism	as	

verbal	processing	is	thought	to	require	a	certain	level	of	attention	and	can	cause	

distraction	to	the	participant	[138].		It’s	also	known	that	a	common	side	effect	of	

a	 research	 coordinator	 being	present	 in	 the	 room	 is	 that	 they	will	 talk	 to	 the	

coordinator	whilst	explaining	themselves	and	can	lose	eye	tracking	data	(as	we	

technically	 did)	 [139].	 However,	 the	 other	 two	 options	 aren’t	 that	 suitable	

despite	the	drawbacks	for	the	concurrent	method	mentioned.	(1)	Retrospective	

think	 aloud,	 which	 would	 involve	 the	 participant	 saying	 nothing	 and	 then	

providing	their	interpretation	as	they	watch	their	eye	tracking	recording	post-

viewing	or	a	hybrid	between	the	two.	We	take	the	view	that	the	concurrent	talk	

aloud	method	is	the	most	like	for	like	scenario	for	what	a	nurse	would	do	in	the	

real-life	event.	They	might	not	verbally	speak	but	they	wouldn’t	necessarily	wait	

a	 certain	 time	 before	 deciding	 –	 which	 is	 what	 we	 would	 be	 doing	 with	

retrospective	think	aloud.	It	also	could	be	argued	that	if	we	wish	to	detect	any	

discrete	differences	between	high	performers	and	low	performers	at	the	task,	it	

must	be	 in	real	 time.	One	argument	 that	could	be	made	 is	 that	some	qualified	

participants	 might	 have	 habits	 of	 thinking	 quietly	 (without	 verbally	 stating	
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anything)	 aloud	 during	 their	 thought	 process	 and	 so	 might	 have	 kept	

components	of	their	interpretation	from	being	captured	by	ourselves.	This	could	

have	 had	 a	 limitation	 for	 high	 performances	 in	 the	 qualified	 group	 and	 may	

explain	 some	 mid-level	 and	 low-level	 performances.	 (2)	 The	 hybrid	 method,	

which	allows	them	to	think	aloud	concurrently	but	gives	them	an	opportunity	to	

provide	their	thoughts	retrospectively	is	superior	is	some	scenarios,	especially	in	

usability	but	again,	it’s	not	necessarily	appropriate	for	this	task	we	assess	in	the	

study.	One	final	limitation	is	the	lack	of	the	vignette	(on-screen)	during	the	vital	

signs	interpretation.	However,	the	vignettes	represented	quite	short	cases,	and	a	

key	 observation	 is	 that	 no	 participant	 requested	 to	 see	 the	 vignette	 again	 –	

instead	relying	on	their	memory	(verbally	reminding	themselves)	when	needed.	

Statistically,	 some	 limitations	 must	 be	 acknowledged.	 Firstly,	 the	 number	 of	

significance	 tests	 performed	 in	 Table	 VI	 presents	 a	 problem	 of	 Type	 I	 error	

inflation.	The	Bonferroni	Correction23	has	been	applied	to	adjust	the	alpha	value	

for	 inferring	 statistical	 significance	 (101	 metrics:	 a	 =	 0.0005)	 and	 is	

acknowledged/presented	 in	 the	 results.	However,	 arguments	have	been	made	

against	applying	corrections	in	these	scenarios	[140]	–	that	it	is	too	conservative,	

increases	risk	of	Type	II	errors	(which	may	be	a	more	at	risk	scenario	depending	

on	the	experiment/hypothesis)	and	more	generally,	that	providing	transparency	

to	 the	 reader	 of	 the	 statistical	methods	 used	 (allowing	 them	 to	make	 a	 clear	

conclusion)	 is	 more	 important	 than	 providing	 a	 correction	 for	 significance	

testing.	Also	for	the	statistical	model	there	is	a	potential	problem	if	attempting	to	

interpret	the	model	[141].	Due	to	the	nature	of	the	derived	eye	tracking	metrics,	

which	are	continuous	values	that	are	made	from	9	metrics	on	10	areas	of	interest	

and	 1	 category	 for	 non-areas	 of	 interest,	 many	 of	 the	 independent	 variables	

would	not	be	considered	truly	independent	(problem	of	collinearity).	However,	

the	model	presented	in	the	results	is	not	to	be	interpreted,	it	is	instead	(as	stated)	

an	attempt	to	show	the	value	of	eye	tracking	metrics	in	predicting	Performance	

Score	(0-10)	of	the	participant.		

	

	
23 https://en.wikipedia.org/wiki/Bonferroni_correction 
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3.6 Future	Work	

Eye	 tracking	 data	 collection	 and	 analysis	 performed	 in	 this	 study	 could	 be	

expanded	to	include	an	array	of	ward	objects,	including	a	bed	with	either	an	actor	

or	manikin	like	a	similar	recent	study	[11].	Using	mobile	eye	tracking	solutions	

(glasses)	to	capture	not	only	the	verbal	output	but	the	actions	taken	by	nurses	

would	 be	 a	more	 complete	 study	 to	 undertake.	 The	 use	 of	mobile	 tracking	 is	

becoming	feasible	from	a	technological	and	affordability	perspective	and	could	

indeed	 enhance	 the	 state	 of	 the	 art	 in	 human	 computer	 interaction.	 Further	

statistical	analysis	will	be	performed	on	the	dataset	that	we	have	collected	in	the	

study.	This	includes	principal	component	analysis	to	reduce	the	dimensionality	

on	 both	 the	 entire	 feature	 set	 collected	 from	 all	 scenarios	 and	 the	 individual	

scenarios	 interpreted.	 Qualitative	 analysis	 will	 also	 take	 place	 in	 the	 form	 of	

thematic	analysis	on	the	verbal	recordings	of	each	participant.	Future	work	can	

also	 include	 using	 more	 machine	 learning	 classification	 algorithms	 such	 as	

decision	 trees,	 deep	 learning,	 neural	 networks,	 support	 vector	 machines,	 k-

nearest	 neighbour	 along	with	better	 evaluation	of	 these	models	using	10-fold	

cross	validation.	We	could	also	 increase	 the	size	of	 the	subset	of	observations	

(interpretations)	by	removing	the	recording	quality	criteria	and	simply	relying	

on	patterns	to	persist	despite	missing	eye	tracking	data.	Another	opportunity	is	

to	analyse	the	potential	differences	between	performance	levels	within	shorter	

time	windows.	Specifically,	to	identify	if	there	are	clearer	discriminatory	metrics	

when	analysing	only	 the	 first	5s,	 15s	or	30s	 instead	of	 the	 full	 60s	 they	were	

allowed.	This	may	reduce	the	amount	of	‘noise’	in	the	data	collected	towards	the	

end	 of	 the	 scenario	 interpretation.	 For	 example,	 when	 quite	 a	 few	 high-level	

performers	 reached	 the	 30-45s	 mark,	 they	 were	 finished	 with	 their	

interpretation	–	 the	 remaining	 time	may	 in	 fact	be	washing	out	 some	of	 their	

distinguishing	behaviour.	
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3.7 Conclusions	

The	study	conducts	a	unique	capturing	of	visual	attention	measurements,	from	a	

set	 of	 nurses	 (with	 varying	 experience	 and	 expertise)	 while	 reading	 and	

interpreting	from	a	simulated	vital	sign	monitor.	The	data	collected,	specifically	

the	data	analysis	of	eye	tracking	metrics,	has	shown	that	visual	attention	and	the	

Performance	Level	 for	this	specific	 task	(measured	by	Performance	Score)	are	

not	independent	of	each	other.	Put	differently,	eye	tracking	metrics	exclusively	

could	 be	 used	 to	 predict	 a	 person’s	 performance	 when	 reading	 vital	 signs.	

Further	 research,	 including	 statistical	 techniques	 like	 principal	 component	

analysis	are	 required	 to	 refine	 the	 regression	models	and	 the	optimal	 level	of	

accuracy	for	predicting	Performance	Score	and	then	Performance	Level	using	the	

eye	 tracking	metrics.	 At	 present,	 we	 can	 conclude	 that	 there	 is	 some	 kind	 of	

relationship	between	eye	tracking	metrics	and	performance	that	can	be	seen	but	

it	 is	 unclear	 to	 what	 extent	 and	 what	 reliable	 accuracy	 they	 can	 predict	

performances.	

In	 this	 chapter	a	 regression	model	was	used	 to	predict	 a	numeric/continuous	

variable.	 Whilst	 it	 achieved	 some	 accuracy,	 it	 is	 important	 to	 investigate	

classification	accuracy	where	 the	 target	variable	 is	a	category	as	opposed	to	a	

continuous	 number.	 In	 practice,	 classification	 and	 scores	 are	 commonly	 both	

used	to	assess	competency	of	trainees	(e.g.,	degree	classification	vs.	percentage).	

In	theory,	classification	may	perform	better	given	that	there	is	a	reduction	in	the	

number	of	possible	outputs.		

This	work	presented	in	this	chapter	has	been	published	in	IEEE	Transactions	in	

Human-Machine	 Systems	under	 the	 title	 “Eye	 Tracking	 the	 Visual	 Attention	 of	

Nurses	 Interpreting	 Simulated	 Vital	 Signs	 Scenarios:	 Mining	 Metrics	 To	

Discriminate	Between	Performance	Level”	[142].		
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Chapter	4 Machine	Learning	Classifiers	to	
Discriminate	Performance	and	

Characteristics	in	Simulated	Vital	Signs	

Scenarios	
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4.1 	Introduction	
In	the	last	chapter	a	regression	model	was	used	to	predict	a	continuous	variable.		

It	achieved	some	accuracy,	but	 it	 is	worth	taking	the	 investigation	further	and	

studying	 classification	 accuracy	 where	 the	 target	 variable	 is	 a	 category	 as	

opposed	 to	 a	 continuous	 number.	 In	 practice,	 classification	 and	 scores	 are	

commonly	both	used	to	assess	competency	of	trainees	(e.g.,	degree	classification	

vs.	percentage).	It	may	be	an	assumption	that	classification	could	perform	better	

given	that	there	is	a	reduction	in	possible	outputs.		

This	 chapter	 builds	 on	 the	 previous	 chapter	 and	 presents	 analysis	 and	

classification	 modelling	 using	 a	 slightly	 larger	 dataset	 with	 11	 additional	

participants	(3	experts	and	8	novices),	making	an	additional	55	interpretations.	

This	 increases	 the	 opportunity	 to	 find	 distinct	 patterns	 in	 the	 collected	 eye	

tracking	metrics,	which	this	chapter	will	focus	on	exclusively.	The	prior	chapter	

included	physiological	monitoring	and	NASA-TLX	survey	data.	

It	was	decided	 to	 build	 on	 the	previous	work	 in	 Chapter	 3	 and	 research	how	

classification	models,	using	eye	tracking	metrics	as	predictors,	can	predict	either	

the	group	or	other	categorical	variables	for	each	participant.	More	explicitly	as	

research	 questions,	 can	 classification	 models	 using	 this	 eye	 tracking	 data	

correctly	classify:	

• A	novice	over	an	expert?		

• A	high-grade	interpretation	(score	=	6-10)	over	low-grade	(score	=	0-5)?		

• A	good	interpretation	(8-10)	or	a	poor	interpretation	(0-3)?	

The	results	presented	are	the	final	output	from	the	Eye	Tracking	Simulated	Vital	

Signs	 Scenarios	 study	 with	 nurses,	 with	 the	 final	 number	 of	 participants	

recruited.		
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4.2 Materials	and	Methods	

4.2.1 Recruitment	

Participant	 recruitment	 follows	 on	 from	 chapter	 3	 and	 this	 chapter	 includes	

additional	 participants	 recruited.	 Eight	 additional	 novices	 were	 recruited	 at	

Ulster	University’s	school	of	nursing	from	a	year	two	full-time	nursing	degree.	

Three	 additional	 experts	 were	 recruited	 from	 the	 International	 Society	 of	

Computerized	 Electrocardiology	 Conference	 (2016)	 in	 Arizona,	 where	 three	

nursing	academics/professors	provided	interpretations.	

4.2.2 Data	Analysis	

The	main	objective	of	 the	work	presented	here	 is	 to	show	the	performance	of	

classification	models	using	 the	eye	 tracking	metrics	 as	 features	 to	 classify	 the	

following	for	each	observation	(a	vital	signs	scenario	interpretation):	

• Which	 group	 (novice/expert)	 does	 this	 (participant	 interpretation)	

belong	to?	

• Is	the	interpretation	a	high	(6-10)	or	low	(0-5)	grade	score?	

• Is	the	interpretation	‘good’	(true	if	total	score	>=	8)?	

• Is	the	interpretation	‘poor’	(true	if	total	score	<=3)?		

	

These	four	questions	become	four	modelling	problems	and	the	performance	of	

the	best	classification	model	for	each	is	presented	in	the	results.	The	classifier	

performance	measurements	and	metrics	 are	analysed	and	compared	between	

the	two	groups,	novice	and	expert.		

	

A	range	of	time	frames	were	used	to	analyse	the	data	further	from	previous	work	

(beyond	additional	samples).	The	author	was	speculative	if	differences	in	visual	

attention	patterns	would	be	found	in	the	opening	seconds	of	an	interpretation	in	

comparison	 to	 the	 full	 60	 seconds	 that	 it	 took	 to	 finish	 recording.	 The	 three	

intervals	below	are	arbitrary	and	mere	attempts	 to	divide	 the	 time	up	evenly.	
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This	 theory	 has	 no	 basis	 in	 literature	 but	 was	 simply	 a	 thought	 during	

exploratory	analysis.	

This	meant	breaking	down	the	full	interpretation	into	the	following:	

• 0-15	seconds	

• 0-30	seconds	

• 0-60	seconds	

The	 category	 ‘0-60’	 seconds	 is	 still	 the	 full	 interpretation	 used	 in	 previous	

analysis	(Chapter	3).	The	rest	allow	a	closer	look	at	how	the	eye	tracking	metrics	

within	 the	 selected	 time	 frames	 can	 better	 differentiate	 between	 groups	 or	

conditions.		

To	 ensure	 a	 level	 of	 data	 quality	 for	 the	 eye	 tracking	 data	 and	 therefore	 the	

metrics	derived	from	that	data,	it	was	decided	to	revisit	the	recordings	and	make	

a	judgement	on	what	quality	measurement	to	use.	This	involved	watching	the	eye	

tracking	 recordings	 and	 identifying	 participant	 videos	 that	 seemed	 to	 contain	

long	periods	where	no	saccades	and	fixations	were	visible	(analytical	software	

draws	 this	 on	 screen	 in	 red).	 After	 reviewing	 the	 total	 of	 58	 participant	

recordings,	it	seemed	likely	that	dropping	below	60%-70%	recording	quality	(a	

measurement	provided	by	Tobii’s	software)	resulted	in	these	periods	of	absent	

visual	attention	data.	This	is	not	a	perfect	method	of	quality	control,	but	it	does	

factor	 in	 both	 the	measurement	 itself,	 as	 valuable	measure	 of	 good	 and	 poor	

recordings	and	factors	in	the	limitation	of	the	it,	that	the	participants	did	move	

their	head	to	speak	to	the	investigator	at	times.	By	viewing	the	recordings,	the	

recording	quality	measurement	was	given	context	and	not	 followed	blindly.	 It	

was	important	to	not	remove	valuable	observations	from	the	analysis	without	a	

valid	reason.	Given	all	this,	a	cut-off	point	of	60%	recording	quality	was	agreed,	

which	still	provides	200	observations	out	of	a	potential	290	to	use	in	analysis.	

This	was	slightly	higher	than	the	cut-off	point	used	in	chapter	3,	which	was	50%	

which	 provided	 190	 observations.	 To	 confirm,	 this	 higher	 cut-off	 has	 taken	

observations	included	in	the	previous	chapter,	out	of	the	analysis	for	this	chapter.	

However,	as	explained,	it	is	believed	this	is	decision	has	been	taken	with	a	more	

thorough	methodology	and	decreases	the	noise	in	the	dataset.	

This	 chapter	 aims	 to	 analyse	 the	 value	 of	 the	 eye	 tracking	 data,	with	 derived	

metrics,	for	use	as	predictors	in	a	machine	learning	scenario.	With	that	in	mind	
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it’s	 important	 to	 declare,	 prior	 to	 the	 results,	 that	most	machine	 learning,	 or	

statistical	modelling	problems	use	datasets	containing	many	more	observations	

(typically	exponentially	larger	than	the	200	observations	used	here).	However,	

this	is	still	exploratory	work	and	with	the	time	consuming	and	restrictive	nature	

of	recruitment	involved	with	capturing	the	data	collected,	 it	goes	some	way	to	

explain	the	lower	sample	count.	This	work	should	also	provide	incentive	for	any	

further	data	collection	on	a	larger	scale	that	will	most	likely	require	significant	

funding	 –	 that	 might	 not	 be	 granted	 without	 exploratory	 work	 like	 this	 as	

evidence.		

A	 range	of	 statistics	were	applied	 in	 the	 study	 to	gather	 the	 results,	 including	

summary	 statistics,	 distribution	 testing,	 significance	 testing	 and	 then	 the	

classification	modelling.	These	modelling	methods	include:		

• Logistic	Regression.	

• Decision	Tree.	

• Conditional	Tree.	

• Random	Forest.	

• Support	Vector	Machine.	

These	are	 five	 typical	 statistical	modelling	methods	 for	classifying	classes	 in	a	

dataset.	 (1)	 Logistic	 regression	 is	 a	 commonly	 used	 classification	 model.	 (2)	

Decision	trees	which	are	well	understood.	(3)	Conditional	tree	classifiers	are	a	

different	form	of	decision	tree,	which	uses	some	conditional	criteria,	meaning,	at	

each	split.	(4)	A	random	forest	classifier	builds	a	model	using	multiple	decision	

trees	 in	 an	 iterative	 fashion,	which	 typically	 results	 in	 a	much	more	 accurate	

model	 around	 the	 data	 provided	 (the	 training	 data)	 but	 does	 not	 offer	much	

interpretative	 value,	 as	 this	 is	 lost	 in	 mix	 of	 so	 many	 trees	 used	 to	 perform	

classification.	(5)	Support	Vector	Machines	(SVM)	are	another	commonly	used	

classifier.		

There	are	many	more	classification	models	you	could	use	to	classify	in	scenarios	

like	this	but	 for	the	sake	of	brevity,	 the	most	common	approaches	are	applied	

here.	Future	work	could	expand	on	this.		

The	model	performance	evaluation	metrics	for	each	classifier	will	include:		

• Accuracy	

• Kappa	
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• AUC	(area	under	the	curve)	

• Specificity	

• Sensitivity	(or	recall	rate)	

	

The	 best	 possible	models	 for	 each	 classifier	 were	 produced	 automatically	 by	

software	packages	in	R,	specifically	Caret24.		

Caret	stands	for	classification	and	regression	training.	One	of	the	

primary	tools	in	the	package	is	the	train	function	which	can	be	

used	to.	evaluate,	using	re-sampling,	the	effect	of	model	tuning	

parameters	on	performance.	Caret	has	several	functions	that	

attempt	to	streamline	the	model	building	and	evaluation	

process,	as	well	as	feature	selection	and	other	techniques.	This	

package	alone	is	all	you	need	to	know	for	solve	almost	any	

supervised	machine	learning	problem.	It	provides	a	uniform	

interface	to	several	machine	learning	algorithms	and	

standardizes	various	other	tasks	such	as	Data	splitting,	pre-

processing,	feature	selection,	variable	importance	estimation	

etc.[143]	

	

This	has	limitation	as	it	has	done	parameter	setting	for	us	and	we	simply	provide	

all	metrics/variables	that	we	wish	to	be	considered	and	all	allow	the	software	to	

pick	the	best	model	it	can	find.	It	is	possible	to	get	more	involved	in	the	process,	

but	we	have	not	done	so	here	in	this	initial	classification	modelling.	However,	as	

a	 starting	 point	 of	 this	 work,	 it	 is	 acceptable	 provided	 this	 limitation	 is	

acknowledged.	

	

Using	Leave	One	Out	Cross	Validation	the	model	will	be	trained	and	tested	the	

same	number	of	times	as	the	number	of	cases/instances	in	the	dataset.	Hence,	n-

1	cases	will	be	used	to	train	the	model	and	the	model	will	be	test	on	the	case	(-1)	

	
24 http://topepo.github.io/caret/index.html 
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that	was	‘left	out’.	Leave-one-out-cross-validation	is	appropriate	here	given	the	

size	of	the	dataset.		

Random	Forests	and	Support	Vector	Machines	cannot	handle	missing	values	and	

so	missing	values	were	replaced	with	the	column	median.		
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4.3 Results	

This	section	provides	the	final	results	of	the	classification	model	building	process.		

4.3.1 Scenario	Interpretation	Performance	

As	stated	in	methods,	 the	full	dataset	was	trimmed	to	only	 include	participant	

recordings	with	recording	quality	equal	or	above	60%.	This	provides	200	total	

observations/interpretations	 from	 the	 290	 collected	 (69%	 of	 full	 dataset	

available	for	analysis).	Within	this	subset	of	interpretations,	there	are	155	novice	

interpretations	and	45	expert	interpretations.		

Table	 4-1	 presents	 the	 key	 measurements	 of	 interpretation	 performance	 for	

participants	across	all	scenarios.	These	have	been	scored	using	the	same	method	

discussed	 in	 3.2.1	 and	 detailed	 by	 Table	 3-2.	 It	 shows	 that	 for	 all	 scenario’s	

experts	were	given	a	higher	total	score,	out	of	 ten,	 than	novices	and	therefore	

scored	higher	overall	(6.6	±1.5	vs	5.0	±1.7,	p	=	<0.0001).	For	specific	scenarios	

interpreted,	the	two	most	striking	differences	is	with	the	cardiology	ward	(6.7	

±1.9	vs	4.2	±1.6,	p	=	0.003)	and	surgical	ward	(8.0	±0.9	vs	5.6	±1.7,	p	=	0.0003)	

scenarios.	As	 expected,	 prior	 to	data	 collection	 and	 analysis,	when	 comparing	

novices	to	experts,	the	most	significant	difference	between	the	score	points	given	

for	basic,	mid	and	high	level	criteria,	is	with	the	points	given	for	mid-level	(0.7	

±0.8	vs	1.3	±0.7,	p	=	<0.0001)	and	high	level	(0.5	±0.7	vs	1.4	±0.8,	p	=	<0.0001)	

interpretation	 of	 each	 scenario.	 Whereas	 novices	 could	 perform	 similarly	 to	

experts	 for	 the	 basic	 level	 criteria	 (3.8	 ±0.9	 vs	 4.0	 ±0.6,	 p	 =	 0.25).	 When	

categorising	into	low	(0-5)	and	high	(6-10).	For	all	scenarios,	35	out	of	45	or	78%	

of	expert	 interpretations	were	high	scores,	compared	to	only	58	out	of	155	or	

37%	 of	 novice	 interpretations.	 Further	 than	 that,	 each	 total	 score	 could	 be	

categorised	depending	on	where	 it	 fell	between	0-10,	with	3	or	 less	out	of	10	

being	deemed	a	poor	interpretation	and	8	or	more	out	of	10	being	deemed	a	good	

interpretation.	 For	 all	 scenarios,	 experts	 did	 not	 produce	 a	 single	 poor	

interpretation	in	comparison	to	novices	that	produced	29	poor	interpretations	

out	 of	 155	 (19%).	 For	 good	 interpretations,	 experts	 produced	 15	 good	

interpretations	out	of	45	(33%)	compared	to	11	good	interpretations	out	of	155	

(7%)	for	novices.	While	the	experts	did	perform	relatively	better	in	this,	it’s	still	
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a	 limitation	 to	 discuss	 as	 pre-study	 expectations	 were	 that	 a	 significant	

proportion	of	experts	would	score	very	highly.	Given	experts,	as	a	group,	did	not	

produce	 more	 good	 interpretations	 likely	 hinders	 the	 ability	 to	 derive	 any	

potential	distinguishing	behaviour	linked	to	high	performance,	even	if	there	still	

may	be	behaviour	linked	to	simply	being	more	experienced.	Finally,	experts	were	

more	 confident	 (self-rating	 1-10)	with	 their	 interpretations	 than	 novices	 (7.9	

±1.1	vs	5.8	±1.5,	p	=	<0.0001).	

In	Figure	4-1,	the	distribution	of	scores	is	shown	and	it	clarifies	that	despite	the	

decreased	number	observations	for	quality	control,	good	range	of	interpretations	

is	still	demonstrated	by	the	scores	received	by	participants.	There	is	a	slight	skew	

towards	low-grade	interpretations,	which	can	be	explained	by	the	larger	number	

of	novices	recruited	 for	 the	study,	with	only	14	experts	compared	44	novices.	

Most	 interpretation	scores	 fall	within	 the	 range	of	3-8	out	of	10.	Additionally,	

based	on	the	score	received	for	each	scenario,	there	is	a	good	balance	of	low	(0-

5)	and	high	 (6-10)	grade	 interpretations.	Figure	4-2	shows	 the	count	of	 these	

grades,	with	107	(53.5%	of	all	interpretations)	low	grade	interpretations	and	93	

(46.5%)	 high	 grade	 interpretations.	 This	may	 suggest	 two	 things:	 (1)	 several	

novices	performed	better	than	expected,	achieving	similar	scores	to	the	experts	

and	 (2)	 several	 experts	 did	 not	 perform	 as	 well	 as	 was	 expected,	 unable	 to	

provide	the	right	recommendations	 for	 the	patient	and	receiving	scores	 lower	

than	8	out	of	10	(8-10	deemed	as	‘good’	interpretations).		There	is	an	unbalanced	

count	 for	 both	 poor	 (0-3)	 and	 good	 (8-10)	 interpretations	 (as	 termed	 in	 this	

analysis).	There	are	only	29	(15%	of	all	interpretations)	poor	interpretations	and	

only	26	(13%)	good	interpretations	that	can	be	used.		
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Table	4-1		Performance	metrics:	key	measurements	on	each	scenario	and	overall.	

Metric	 Medical	 Cardiology	 Surgical	 Respiratory	 Emergency	 All	Scenarios	

	 Novice	 Expert	 Novice	 Expert	 Novice	 Expert	 Novice	 Expert	 Novice	 Expert	 Novice	 Expert	

Total	Score	(0-10)	 5.1	±1.2	 6.1	±1.3	 4.2	±1.6	 6.7	±1.9	 5.6	±1.7	 8.0	±0.9	 4.8	±1.7	 5.9	±1.2	 5.4	±1.8	 6.6	±1.1	 5.0	±1.7	 6.6	±1.5	

Basic	(0-5)	 3.7	±0.9	 3.8	±0.7	 3.4	±1.1	 4.4	±0.7	 3.9	±0.7	 4.0	±0.5	 3.8	±1.0	 3.8	±0.7	 4.1	±0.9	 4.0	±0.5	 3.8	±0.9	 4.0	±0.6	

Mid	(0-2)	 0.6	±0.6	 1.1	±0.8	 0.3	±0.5	 0.7	±0.5	 0.9	±0.9	 2.0	±0.0	 0.8	±0.8	 1.1	±0.6	 0.9	±0.8	 1.4	±0.7	 0.7	±0.8	 1.3	±0.7	

High	(0-3)	 0.7	±0.6	 1.2	±0.4	 0.5	±0.7	 1.6	±1.2	 0.8	±1.1	 2.0	±0.7	 0.2	±0.4	 1.0	+0.7	 0.3	±0.5	 1.1	±0.6	 0.5	±0.7	 1.4	±0.8	

Total	High	(6-10)	 12		
(39%)	

5	
(56%)	

6	
(19%)	

7	
(78%)	

17		
(55%)	

9		
(100%)	

11		
(35%)	

7	
(78%)	

12		
(39%)	

7	
(78%)	

58		
(37%)	

35		
(78%)	

Total	Low	(0-5)	 19		
(61%)	

4	
(44%)	

25		
(81%)	

2	
(22%)	

14		
(45%)	

0	
(0%)	

20		
(65%)	

2	
(22%)	

19		
(61%)	

2	
(22%)	

97		
(63%)	

10		
(22%)	

Total	Poor	(0-3)	 3	
(10%)	

0	
(0%)	

10		
(32%)	

0	
(0%)	

4	
(13%)	

0	
(0%)	

8	
(26%)	

0	
(0%)	

4	
(13%)	

0	
(0%)	

29		
(19%)	

0	
(0%)	

Total	Good	(8-10)	 0	
(0%)	

2	
(22%)	

0	
(0%)	

4	
(44%)	

4	
(13%)	

7	
(78%)	

1	
(3%)	

0	
(0%)	

6	
(19%)	

2	
(22%)	

11	
(7%)	

15		
(33%)	

Confidence	(1-10)	 6.0	±1.5	 8.1	±1.1	 5.4	±1.5	 8.3	±1.0	 6.2	±1.3	 7.9	±1.3	 5.6	±1.5	 7.6	±1.1	 5.8	±1.5	 7.8	±1.2	 5.8	±1.5	 7.9	±1.1	
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Figure	4-1	Dataset	subset	(with	60%	or	above	recording	quality)	total	score	distribution.	
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Figure	4-2	Count	of	low-	and	high-grade	interpretations	in	the	dataset.	
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4.3.2 Comparison	of	Eye-Tracking	Metrics	

A	curiosity	that	the	shorter	durations	of	the	interpretations	may	provide	more	

distinct	 eye	 gaze	 behaviour	 resulted	 in	 three	 separate	 datasets,	 distinct	 by	

duration.	Figure	4-2	provides	the	number	of	statistically	significant	eye	tracking	

metrics	 for	 each	 duration,	 between	 groups,	 grades	 and	 poor	 or	 good	

interpretations.	

	

Table	4-2	Count	of	eye	tracking	metric	statistically	significant	differences	

between	 groups,	 grades,	 the	 good	 interpretations	 and	 the	 poor	

interpretations	for	all	scenarios.	

Dataset	

Count	of	Statistically	Significant	Differences	for	

Eye	Tracking	Metrics	(101	metrics)	

Novice	vs	

Expert	

High	vs	

Low	

Poor	vs	

Rest	

Good	vs	

Rest	

0-15	

seconds	
48	 6	 19	 5	

0-30	

seconds	
43	 2	 12	 1	

0-60	

seconds	
50	 12	 27	 12	

	

The	full	interpretation	(0-60	seconds)	is	shown	to	be	sufficient	and	ideal	to	use,	

as	it	contains	more	significant	differences	with	eye	tracking	metrics	compared	to	

the	 shorter	 durations.	 Due	 to	 this,	 the	 results	 remain	 focused	 on	 the	 full	

interpretation	 as	 there	 was	 not	 any	 justification	 to	 use	 the	 others	 for	

classification.	The	table	also	indicates	that	it	was	expected	that	the	best	and	most	

significant	classifiers	will	appear	when	using	the	eye	tracking	metrics	(along	with	

using	the	scenario	ID	for	context)	to	classify	the	groups,	that	being	either	novices	

or	experts.		
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4.3.3 Classification	

Here	 the	 classification	 model	 results	 are	 provided,	 with	 each	 classification	

problem	presented	in	its	own	sub-section,	including	a	table	showing	the	classifier	

results	 with	 appropriate	 metrics	 and	 statistical	 significance.	 This	 statistical	

significance	is	key	to	judging	the	classifiers,	by	comparing	accuracy	to	the	base	

rate	(the	equivalent	to	the	class	with	the	largest	proportion	in	the	dataset	-also	

known	as	the	No	Information	Rate).	If	the	classifier	cannot	outperform	the	base	

rate,	the	p-value	will	not	be	presented.	If	the	classifier	does	outperform	the	base	

rate,	a	significance	test	is	performed,	and	a	p-value	is	presented.	If	more	than	one	

classifier	is	statistically	significant,	they	will	be	compared	to	each	other	to	test	if	

one	 classifier	 is	 significantly	 superior.	 Additional	 insights	 from	 classification	

problem	results	are	expanded	on	when	appropriate.	

Parameters	in	Model	Performance	Tables	

Predictors	(Logistic	Regression)	–	Independent	variables	in	the	best	model.			

Splits	(Decision	Tree)	–	Number	of	decisions	that	split	the	two	classes.	

Mincriterion	(Condition	Tree)	-	the	value	of	the	test	statistic	or	1	-	p-value	that	

must	be	exceeded	in	order	to	implement	a	split.	

Mtry	(Random	Forest)	-	Number	of	variables	randomly	sampled	as	candidates	at	

each	split.	

Cost	(Support	Vector	Machine)	-	The	cost	parameter	decides	how	much	an	SVM	

should	be	allowed	to	“bend”	with	the	data.	For	a	low	cost,	you	aim	for	a	smooth	

decision	surface	and	for	a	higher	cost,	you	aim	to	classify	more	points	correctly.	

	

4.3.3.1 Classifying	the	Group:	Novice	or	Expert	

The	classifiers	were	used	to	classify	the	group	(novice	or	expert)	using	the	eye	

tracking	 metrics	 (also	 including	 the	 scenario	 id	 variable)	 for	 each	 scenario	

interpretation.	Table	4-3	presents	the	metrics	and	significance	of	the	classifiers.	

The	 most	 significant	 classifier	 for	 predicting	 the	 group	 that	 the	 scenario	

interpreter	 belongs	 to	 is	 using	 logistic	 regression.	 For	 this	 logistic	 regression	

model,	26	observations	were	removed	due	to	missing	data	as	part	of	training	the	

model:	 23	 novice	 interpretations	 and	 3	 expert	 interpretations	 removed.	 This	
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makes	174	total	interpretations	used	to	train	and	cross-validate	the	model:	with	

132	novice	interpretations	and	42	expert	interpretations	included.	In	this	case,	

the	base	rate	of	accuracy	is	132/174	or	76%.		

Table	4-4	presents	the	logistic	regression	model	summary	including	odds	ratios	

for	potential	interpretation	by	the	reader.	The	unbalanced	nature	of	the	dataset	

appears	to	have	resulted	in	some	unrealistically	strong	ratios	either	way	for	some	

metrics	included	as	predictors.	

The	second	most	significant	classifier	using	a	decision	tree.	Figure	4-3	shows	the	

decision	tree	developed	using	the	rpart	package,	producing	a	significant	classifier	

(p	=	0.02)	and	the	final	selected	model	contains	six	splits	including:		

• Visit	count	on	arterial	blood	pressure	waveform.	

• Time	to	first	fixation	on	central	venous	pressure	waveform.	

• First	fixation	duration	on	electrocardiogram.	

• Time	to	first	fixation	on	electrocardiogram.	

• Total	fixation	duration	on	electrocardiogram.	

• Total	fixation	duration	on	arterial	blood	pressure	waveform.	 	
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Table	 4-3	 Classifying	 the	 Group	 (novice	 or	 expert)	 Using	 Eye	 Tracking	

Metrics	(with	Scenario	ID)	

Classifier	 Parameters	 Accuracy	 Kappa	 AUC	 Specificity	 Sensitivity	 P	=	

Logistic	

Regression	

Predictors	=	

11	
0.91	 0.74	 0.79	 0.95	 0.79	 0.0003	 *	

Decision	

Tree	

6	splits	

(CP	=	0)	
0.87	 0.63	 0.83	 0.90	 0.75	 0.02	 *	

Conditional	

Tree	

Mincriterion	

=	0.99	
0.82	 0.29	 0.61	 0.99	 0.22	 0.32	 	

Random	

Forest	
Mtry	=	52	 0.86	 0.50	 0.85	 0.99	 0.40	 0.04	 *	

Support	

Vector	

Machine	

Cost	=	1.0	 0.80	 0.42	 0.83	 0.85	 0.58	 0.62	 	
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Table	4-4	Logistic	Regression	Model	Summary:	Classifying	Group	Demographic	of	Scenario	Interpreter	(Expert	=	0,	Novice	=	1).	

Variable	 Estimate	 Odds	Ratio	 Standard	Error	 Z-Value	 P	=	

Intercept	 7.9062	 2.71e+3	 3.4285	 2.306	 0.021107	 *	

Scenario	ID	 1.0824	 2.95	 0.4611	 2.347	 0.018916	 *	

Electrocardiogram	

Time	to	First	Fixation	 0.6472	 1.91	 0.1772	 3.653	 0.000259	 ***	

Total	Fixation	Duration	 2.3443	 10.43	 0.6560	 3.574	 0.000352	 ***	

Fixation	Count	 -0.2893	 0.75	 0.1332	 -2.171	 0.029900	 *	

(Mean)	Visit	Duration	 -13.6251	 1.21e-6	 3.9948	 -3.411	 0.000648	 ***	

Visit	Count	 -0.8638	 0.42	 0.2697	 -3.203	 0.001362	 **	

Heart	Rate	 (Mean)	Visit	Duration	 12.3934	 2.41e+5	 4.5903	 2.700	 0.006936	 **	

Central	Venus	Pressure	
Waveform	 (Mean)	Fixation	Duration	 -21.3319	 5.44e-10	 6.9661	 -3.062	 0.002197	 **	

Numbers	 Fixation	Count	 0.4737	 1.61	 0.2278	 2.080	 0.037571	 *	

Respiratory	Rate	
Total	Fixation	Duration		 4.4588	 86.38	 1.8497	 2.411	 0.015928	 *	

Total	Visit	Duration	 -3.6776	 0.02	 1.6077	 -2.287	 0.022167	 *	

Oxygen	Saturation	
Waveform	

Total	Fixation	Duration	 3.4528	 0.97	 1.0930	 3.159	 0.001583	 **	

Fixation	Count	 0.4912	 0.62	 0.1699	 2.891	 0.003845	 **	

Total	Visit	Duration	 -4.2844	 0.01	 1.2594	 -3.402	 0.000669	 ***	

Visit	Count	 -0.4988	 0.38	 0.2225	 -2.242	 0.024968	 *	

Numbers	 Total	Visit	Duration	 -1.2355	 0.23	 0.4576	 -2.700	 0.006941	 **	

Temperature	
Total	Fixation	Duration	 -8.6699	 1.71e-4	 4.1868	 -2.071	 0.038378	 *	

Total	Visit	Duration	 9.0286	 0.99	 4.0285	 2.241	 0.025016	 *	

Non-Area	of	Interest	 Total	Fixation	Duration	 -0.3340	 0.41	 0.1154	 -2.895	 0.003792	 **	

Number	of	Fisher	Scoring	Iterations:	9	

AIC:	86.074	
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Figure	4-3	Decision	tree	classifying	groups.	
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The	decision	tree	suggests	that	experts	are	cross	referencing	more	than	novices.	

This	 is	 because	 the	 arterial	 blood	 pressure	 is	 positioned	 at	 the	 centre	 of	 the	

screen	and	the	more	visits	made	to	it	(which	means	they	must	 leave	it	to	visit	

other	AOIs)	 to	more	 likely	 they	 are	 an	 expert.	 Additionally,	 it	 is	 possible	 that	

novices	are	more	influenced	by	the	visual	hierarchy	of	the	layout	than	experts.	

The	reason	it	would	seem	to	indicate	higher	cross	referencing	rather	than	specific	

interest	in	the	arterial	blood	pressure	wave	is	on	the	4th	level	of	the	decision	tree	

we	see	a	final	split	based	on	the	total	fixation	duration	on	the	same	AOI,	with	a	

lower	 total	 duration	making	 it	more	 likely	 the	 interpretation	 is	 by	 an	 expert.	

Beyond	 that	 AOI,	 the	 ECG	 wave	 is	 particularly	 insightful	 here	 with	 the	 first	

fixation	duration	and	time	to	first	fixation	on	the	ECG	waveform	being	indicative	

of	expertise.	The	longer	duration	for	the	first	fixation	on	the	ECG	and	the	shorter	

the	 time	 taken	 to	 initially	 fixate	 on	 the	 ECG	 is	 indicative	 of	 an	 expert’s	

interpretation.	Finally,	it	suggests	the	longer	time	taken	to	initially	fixate	on	the	

central	venous	pressure	waveform	is	indicative	of	a	novice	interpretation.		

The	random	forest	classifier	is	also	statistically	significant	when	compared	to	the	

base	 rate	 but	 lacks	 transparency	 and	 interpretability.	 Comparing	 the	 three	

significant	 classifiers,	whilst	 logistic	 regression	has	 superior	accuracy	 it	 is	not	

significantly	superior	when	compared	to	the	decision	tree	(p	=	0.32)	and	random	

forest	(p	=	0.20)	classifiers.		

4.3.3.2 Classifying	the	Grade	of	Interpretation:	High	or	Low	

The	 second	 experiment	 involved	 building	 classifiers	 to	 classify	 the	 grade	 or	

competency	of	 the	 interpretation	 (either	 high	or	 low).	 Table	4-5	presents	 the	

metrics	and	significance	of	each	classifier.		

Only	with	 logistic	regression	using	two	predictors	(with	only	one	eye	tracking	

metric)	could	provide	a	measure	of	accuracy	significantly	higher	than	the	base	

rate	 of	 54%	 (107	 low	 grade	 interpretations	 -	 53.5%	 of	 all	 interpretations).	

However,	this	is	still	only	an	accuracy	of	65%,	a	mere	11%	better	than	our	base	

rate	and	as	both	the	kappa	(0.28)	and	sensitivity/recall	(0.55)	values	 indicate,	

the	classifier	would	likely	not	be	sufficient	to	implement,	utilise	and	trust	in	an	
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automated	skills	assessment	software	system.	The	model	summary	is	presented	

in	Table	4-6.	

The	 model	 indicates	 that	 a	 higher	 visit	 frequency	 (VF)	 (across	 all	 AOIs)	 is	

demonstrated	 with	 the	 high-grade	 interpretations	 compared	 to	 low	 grade	

interpretations.	This	indicates	that	more	frequent	visits	to	areas	of	interest	and	

cross	 referencing	are	made	during	 the	better	 interpretations.	Comparing	high	

grade	 interpretation	 to	 low	 grade	 interpretation,	 high	 grades	 are	 shown	 to	

produce	1.3	±0.4	visits/second	compared	to	low	grade	interpretations	with	1.1	

±0.3	visits/second,	p	=	<0.0001.	Additionally,	it	can	be	noted	that	this	difference	

is	 also	 shown	 when	 comparing	 the	 groups.	 Experts	 also	 have	 a	 higher	 visit	

frequency	 of	 1.4	 ±0.4	 visits/second	 compared	 with	 novices	 with	 1.1	 ±0.4	

visits/second,	 p	 =	 <0.001.	 This	 makes	 sense	 given	 experts	 are	 expected	 to	

produce	the	better	interpretations	and	novices	the	poorer	interpretations.	Figure	

4-4	 shows	 the	 visit	 frequency	 comparison	 between	 low-	 and	 high-grade	

interpretations	for	all	five	scenarios	interpreted.	The	visit	frequency	is	shown	to	

be	higher	with	interpretations	that	score	higher	(6-10)	than	lower	(0-5).		

Most	notably,	the	last	two	scenarios	participants	interpret	appears	to	show	the	

most	 significant	 difference	 between	 these	 two	 groups.	 In	 scenario	 four,	 high	

grades	demonstrated	1.5	±0.4	visits/second	compared	to	1.0	±0.3	visits/second	

for	low	grades	(p	=	0.04).	In	scenario	five,	high	grades	again	demonstrated	1.5	

±0.4	 visits/second	 and	 low	 grades	 saw	 their	 average	 drop	 to	 0.9	 ±0.3	

visits/second	 (p	 =	 0.00008).	 As	 stated	 previously,	 this	 appears	 to	 be	 shown	

similarity	between	novices	and	experts,	even	though	high-grade	interpretations	

included	 some	 novices	 and	 low-grade	 interpretations	 included	 some	 experts.	

Figure	4-5	shows	the	same	comparison	but	instead	with	the	groups.		

It	 appears	 that	 there	 is	 a	 consistent	 increase	 in	 visit	 frequency	 with	 experts	

compared	to	novices	and	similarly,	it	appears	to	peak	with	the	final	scenario	they	

interpret.	 In	 scenario	 one	 the	 difference	 is	 0.2	 visits/second,	 with	 experts	

demonstrating	 1.5	 ±0.4	 visits/second	 and	 novices	 1.3	 ±0.4	 visits/second	 (p	 =	

0.17).	By	scenario	five,	this	has	increased	to	a	difference	of	0.4	visits/second,	with	

experts	again	demonstrating	1.5	±0.4	visits/second	but	novices	decreasing	to	1.1	

±0.4	visits/second	(p	=	0.02).	
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Table	4-5	Classifying	the	Grade	(Low	or	High)	Using	Eye	Tracking	Metrics	

(with	Scenario	ID)	as	Predictors	

Classifier	 Parameters	 Accuracy	 Kappa	 AUC	 Specificity	 Sensitivity	 P	=	

Logistic	

Regression	
Predictors	=	2.	 0.65	 0.28	 0.64	 0.73	 0.55	 0.03	 *	

Decision	Tree	
2	splits	

(CP	=	0.08).	
0.58	 0.13	 0.46	 0.69	 0.44	 0.42	 	

Conditional	

Tree	

Mincriterion	=	

0.50.	
0.55	 0.09	 0.41	 0.64	 0.45	 0.84	 	

Random	

Forest	
Mtry	=	2.	 0.63	 0.25	 0.63	 0.66	 0.55	 0.07	 	

Support	

Vector	

Machine	

Cost	=	1.0	 0.55	 0.11	 0.57	 0.58	 0.58	 0.84	 	

	

	

Table	4-6	Logistic	Regression	Model	Summary:	Classifying	the	Grade	of	the	

Interpretation	(High	=	0,	Low	=	1).	

Variable	 Estimate	 Odds	

Ratio	

StD.	Error	 Z-Value	 P	=	

Intercept	 2.5655	 13.01	 0.6566	 3.907	 0.00009	 ***	

Scenario	ID	 -0.1446	 0.87	 0.1066	 -1.356	 0.17500	 	

Visit	

Frequency	

-1.6683	 0.19	 0.4260	 -3.916	 0.00009	 ***	

AIC:	246.18	

Number	of	Fisher	Scoring	Iterations:	4	
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Figure	4-4	Comparing	visit	frequency	(VF	-	visits/second)	between	score	grades	across	each	scenario	
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Figure	4-5		Comparing	novices	to	experts:	visit	frequency	(VF)	across	scenarios.	
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4.3.3.3 Classifying	Good	Interpretations	

Next	the	models	are	used	to	classify	the	competent	 interpretations	(this	being	

scores	 8-10	 out	 of	 10).	 A	 very	 small	 number	 of	 interpretations	 are	 given	 this	

category	or	condition	in	the	dataset.	174	of	200	are	not	identified	as	‘competent’.	

This	 means	 that	 our	 base	 information	 rate	 is	 87%	 which	 indicates	 a	 very	

unbalanced	 dataset.	 Table	 4-7	 presents	 the	 metrics	 and	 significance	 of	 each	

classifier.		

None	of	the	classifiers	could	provide	a	higher	accuracy	than	the	base	rate	of	87%.	

As	shown,	none	of	the	classifiers	can	provide	a	reasonable	measure	of	sensitivity	

or	 recall,	 with	 only	 the	 best	 support	 vector	 machine	 model	 reaching	 a	 poor	

measure	of	0.19.	 It’s	not	 surprising	with	a	very	unbalanced	dataset	 that	 these	

values	look	odd	(kappa	values	of	0	etc).	

	

Table	 4-7	 Classifying	 Good	 Interpretations	 Using	 Eye	 Tracking	 Metrics	

(with	Scenario	ID)	as	Predictors.	

Classifier	 Parameters	 Accuracy	 Kappa	 AUC	 Specificity	 Sensitivity	 P	=	

Logistic	

Regression	

Predictors	=	

2.	
0.87	 0.05	 0.66	 0.99	 0.04	 N/A	

Decision	Tree	
Splits	=	5	

(CP	=	0.12).	
0.87	 0.00	 0.00	 1.00	 0.00	 N/A	

Conditional	

Tree	

Mincriterion	

=	0.99.	
0.87	 0.00	 0.00	 1.00	 0.00	 N/A	

Random	

Forest	
Mtry	=	2.	 0.87	 0.00	 0.63	 1.00	 0.00	 N/A	

SVM	 Cost	=	0.25.	 0.80	 0.09	 0.35	 0.89	 0.19	 N/A	

	

4.3.3.4 Classifying	Poor	Interpretations	

Finally,	 for	 classification,	 the	 same	 models	 are	 used	 to	 classify	 the	 poor	

interpretations,	this	being	scores	0-3	out	of	10.	Similarly,	with	the	count	of	good	

interpretations,	only	a	small	proportion	of	poor	interpretations	are	provided	by	
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the	 dataset.	 171	 of	 200	 are	 not	 identified	 as	 ‘poor’.	 This	 means	 our	 base	

information	rate	is	86%.	Table	4-8	presents	the	metrics	and	significance	of	each	

classifier.		

Like	the	previous	attempt	to	classify	good	interpretations,	no	model	produced	a	

significant	classifier.	The	conditional	inference	tree	was	the	best,	with	accuracy	

of	88%,	kappa	=	0.31	and	sensitivity	or	recall	=	0.24.	However,	this	 is	short	of	

being	 a	 useful	 classifier	 (p	 =	 0.56)	 and	 not	 likely	 one	 that	 could	 be	 used	 in	 a	

software	system	to	catch	poor	interpretations	in	either	training/assessment	or	

ward	monitoring	due	to	the	low	recall	rate.	These	are	poor	models	(but	the	best	

that	could	be	produced),	largely	driven	by	an	unbalanced	dataset.	

	

Table	 4-8	 Classifying	 Poor	 Interpretations	 Using	 Eye	 Tracking	 Metrics	

(with	Scenario	ID)	as	Predictors	

Classifier	 Parameters	 Accuracy	 Kappa	 AUC	 Specificity	 Sensitivity	 P	=	

Logistic	

Regression	

Predictors	=	

3.	
0.86	 0.00	 0.34	 1.00	 0.00	 N/A	

Decision	Tree	
Splits	=	4	(CP	

=	0.10).	
0.84	 -0.04	 0.00	 0.98	 0.00	 N/A	

Conditional	

Tree	

Mincriterion	

=	0.5.	
0.88	 0.31	 0.34	 0.98	 0.24	 0.56	

Random	

Forest	
Mtry	=	2.	 0.87	 0.11	 0.67	 0.99	 0.00	 0.77	

SVM	 Cost	=	0.25.	 0.80	 0.14	 0.43	 0.89	 0.24	 N/A	
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4.4 Discussion	

Automatically	inferring	competency	may	have	implications	for	improved	patient	

safety,	As	not	doing	it	safely	means	the	patient	may	suffer	consequently	regarding	

the	care	they	receive.	In	that	sense,	being	able	to	classify	if	the	behaviour	is	of	a	

particular	 level	 of	 competence	 is	 much	 more	 useful	 than	 one	 might	 initially	

assume.	 A	 common	 thought	 might	 be	 that	 regardless	 of	 their	 ‘expertise’	 or	

experience	level,	a	health	professional	can	be	competent	whether	it	comes	from	

vast	experience	or	not.	While	 that	 is	 true,	 for	a	 lot	of	procedures	and	 tasks	 in	

medicine,	 there	 is	more	 focus	on	avoiding	 the	wrong	methods	 of	doing	a	 task,	

rather	than	necessarily	doing	something	the	right	and	only	way.	For	many	doctors	

and	nurses,	they	demonstrate	high	levels	of	skill,	knowledge	and	safe	behaviour	

around	 their	patients,	without	necessarily	behaving	 in	 an	 identical	manner	 to	

each	other.	Experienced	nurses	and	doctors	may	have	common	patterns	in	their	

work	but	there	will	be	a	range	of	behaviours	regardless	of	the	task.	In	the	case	of	

reading	patient	 vital	 signs	 from	 the	bedside	monitor,	 a	 nurse	must	 digest	 the	

information	correctly	and	respond	appropriately	or	make	a	series	of	decisions	if	

required	by	 the	patient’s	 condition.	 In	many	ways,	 the	ability	 to	know	 from	a	

nurse’s	behaviour	if	it’s	within	the	expected	range	of	experienced	nurses	for	that	

task,	can	be	just	as	useful	for	patient	safety	than	necessarily	looking	for	highly	

specific	measurements	or	metrics	that	is	expected.	
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4.5 Limitations	

The	main	limitation	with	this	work	is	that	a	considerably	unbalanced	dataset	is	

being	used	 for	classification.	This	 is	due	to	 the	 fact	 that	 there	are	significantly	

more	 novices	 included	 compared	 to	 experts.	 Adding	 to	 that,	 the	 number	 of	

observations	 used	 in	 this	 classification	 study	 is	 not	 very	 typical	 of	 most	

machine/statistical	 learning	 tasks,	 with	 most	 using	 thousands	 to	 millions	 of	

observations.	A	total	of	200	observations	was	adequate	to	make	an	attempt	to	

see	what	potential	may	exist	for	these	metrics	but	further	recruitment	with	more	

data	collection	will	always	be	the	goal.	

Another	limitation	is	the	lack	of	manual	tuning	and	relying	on	software	packages	

to	automate	the	modelling	from	the	full	selection	of	metrics,	returning	the	best	

model	(for	classification)	as	was	deemed	by	the	software.		
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4.6 Future	Work	

Expert	 interpretations	 comprise	 of	 only	 22.5%	 of	 the	 dataset.	 While	 that	 is	

sufficient	in	some	cases,	the	potential	for	further	insight	and	superior	classifiers	

likely	relies	on	recruitment	of	these	experts.	The	experimental	design	can	also	be	

expanded	to	include	full	ward	scenarios,	with	all	objects	tracked	and	measured.	

Future	work	will	also	involve	using	class	balancing	techniques	through	the	use	of	

synthetic	data	via	under	sampling	or	oversampling	(or	indeed	a	mixture	of	both).	
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4.7 Conclusions	

Classification	 models	 can	 classify	 a	 nurses’	 level	 of	 experience	 when	 they	

interpret	 patient	 vital	 signs.	 A	 subset	 of	 metrics	 from	 eye	 tracking	 data	 that	

collectively	describe	eye	gaze	behaviour	as	predictors	can	accurately	classify	the	

interpreter	 as	 a	 novice	 or	 expert.	 Meaning,	 that	 experts	 with	 much	 more	

experience	than	novices,	tend	to	have	different	eye	gaze	behaviours	and	patterns,	

which	 can	 be	 measured	 across	 the	 various	 on-screen	 objects	 (the	 AOIs)	 as	

displayed	on	a	vital	signs	screen.	This	could	have	future	implications	for	not	only	

training	and	assessment	with	trainees,	but	these	algorithms	could	be	used	for	on-

ward	real-time	assessment	and	monitoring	in	a	‘smart	ward’	to	improve	patient	

safety.	Whilst	this	work	is	limited,	it	provides	a	case	to	recruit	more	expert	level	

nurses	 and	 capture	many	more	 simulated	 vital	 signs	 scenario	 interpretations	

with	eye	tracking	and	other	wearable	technologies.	

In	this	chapter,	machine	learning	was	used	to	classify	competency	of	interpreting	

diagnostic	data	from	a	vital	sign	monitor.	However,	healthcare	professionals	not	

only	need	 to	 be	 competent	 in	 diagnostic	 interpretation	but	 also	 competent	 in	

carrying	 out	 treatment	 or	 therapeutic	 procedures	 such	 as	 surgery	 or	 another	

intervention.		
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Chapter	5 Wearable	Technology	Based	
Metrics	for	Predicting	Operator	

Performance	During	Cardiac	Catheterisation	
	 	



142	
	

5.1 Introduction	
In	 the	 last	 chapter,	 machine	 learning	 was	 used	 to	 classify	 competency	 of	

interpreting	diagnostic	data	from	a	vital	signs	monitor.	Healthcare	professionals	

also	need	to	be	competent	in	carrying	out	treatment	or	therapeutic	procedures	

such	as	surgery.	In	this	study	we	change	the	setting	to	the	operating	room	with	

performances	of	coronary	angiography.		

Patient	safety	is	an	area	of	critical	concern	since	medical	errors	can	be	fatal	[2].	

Poor	decision-making	and	lack	of	skill	 in	clinical	procedures	can	be	significant	

factors	 in	many	 of	 the	 errors	 that	 are	 reported	 [16].	 Research	 into	 skills	 and	

performance	would	suggest	a	critical	role	for	‘continual	practice’	and	maximising	

training	 time	 to	 reach	 an	 appropriate	 level	 of	 performance	 [32].	 Proficiency-

based	 progression	 and	 removing	 patients	 from	 the	 learning	 setting	 has	

demonstrated	 that	 tasks	 can	 be	 simulated	 and	 that	 skills	 can	 be	 precisely	

measured	 and	 learned	 [115],	 [114].	 This	 approach	 facilitates	 assessment	 and	

feedback,	thereby	improving	the	skills	of	the	novice	and	can	ameliorate	lack	of	

training	 time,	 and	 expertise	 available	 to	 novices.	 Many	 healthcare	 tasks	 and	

procedures	can	be	simulated	using	computer	technology	for	training	purposes	

and	provide	novices	with	a	way	 to	 improve	or	maintain	 their	skills	 [20],	 [93],	

[116].	In	addition	to	technical	skill	acquisition,	we	know	that	the	errors	made	in	

the	clinical	environment	are	also	related	to	non-technical	skills	[144]	and	there	

is	 therefore	a	need	to	understand	the	relationship	between	skill	and	cognitive	

load	 during	 procedures.	 High	 cognitive	 load	 and	 psychophysiological	 burden	

may	 affect	 the	 non-technical	 leadership	 skills	 of	 the	 operator	 in	 the	 clinical	

environment.	

5.1.1 Eye-Tracking	in	Medical	Research	

One	interest	in	measuring	performance	is	investigating	the	link	between	visual	

attention,	attentional	 capacity	and	clinical	performance	 (specifically	high-level	

performance).	 This	 area	 investigates	 if	 visual	 attention	 computed	 via	 eye	

tracking,	 while	 performing	 a	 clinical	 task	 could	 provide	 insight	 into	 the	

participant’s	level	of	performance.	The	concept	of	visual	attention	during	a	task	

has	 been	 tested	 in	many	 healthcare	 studies	 [69],	 [129]–[132].	 The	 ‘mind-eye	
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hypothesis’	 [8]	 states	 that	 visual	 attention	 can	 indicate	 cognitive	 activity	 [9]–

[11].	Put	differently,	where	someone	 looks	can	be	 indicative	of	 their	cognitive	

experience	 and	 thus	 their	 level	 of	 expertise,	 their	 current	 state	 of	 awareness,	

uncertainty	 and	 critically	 the	 likelihood	 that	 their	 future	 actions	 could	 cause	

harm	to	a	patient.	A	recent	study	performed	with	surgical	tasks	[130]	distinguish	

between	novices	and	experts	using	eye	tracking	metrics	alone.			

5.1.2 Attentional	Capacity	

Knowledge	 and	 decision	 making	 are	 the	 product	 of	 perception,	 attention,	

information	processing,	information	storage	(including	organisation),	and	then	

retrieval	from	long-term	memory	at	the	appropriate	time	as	“knowledge”	which	

helps	the	individual	make	their	decision	[145].	One	aspect	of	cognition	that	has	

received	 no	 consideration	 in	 related	 literature	 is	 ‘attention’,	 yet	 this	 is	 of	

paramount	importance	to	the	interventional	cardiologist	who	is	learning	a	new	

set	of	skills.	Attention	refers	to	the	ability	to	cognitively	focus	on	an	object	such	

as	carefully	observing	or	listening,	or	the	ability	to	concentrate	mentally.	It	has	

been	 known	 for	 at	 least	 half	 a	 century	 that	 human	 beings	 have	 a	 limited	

attentional	 capacity	 [146].	An	 individual	 can	only	attend	 to	a	 finite	amount	of	

information	or	stimuli	at	any	given	time.	When	a	novice	is	acquiring	new	skills	

such	 as	 those	 required	 for	 laparoscopic	 surgery,	 he	 or	 she	 must	 use	 these	

attentional	 resources	 to	 consciously	 monitor	 what	 their	 hands	 are	 doing	 in	

addition	 to	 the	spatial	 judgments	and	operative	decision	making,	even	 though	

their	 amount	 of	 decision	making	 is	 somewhat	 less	 than	 the	 attending	 clinical	

expert.	This	results	in	limited	‘additional’	attentional	capacity	for	the	novice	[7].	

5.1.3 Study	Objective	

This	study	involved	two	objectives:		

1)	 to	 use	wearable	 technology	 to	 determine	 automated	metrics	 that	 could	 be	

used	to	assess	operator	and	procedural	performance,	and	

2)	 to	 determine	 if	 a	 visual	 stimulus	 task	 can	 be	 used	 to	measure	 attentional	

capacity	and	whether	performance	of	this	task	is	associative	to	operator	errors.		
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Both	objectives	were	facilitated	with	a	state	of	the	art,	high-fidelity,	full-physics	

VR	simulator	providing	the	mechanism	for	recording	procedural	performance	of	

an	interventional	cardiologist	during	two	attempts.	
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5.2 Materials	and	Methods	

This	study	sought	to	compute	metrics	that	could	auto-describe	the	performance	

of	operators	undertaking	coronary	angiography.	This	work	could	lead	to	‘smart	

operating	 rooms’	 that	 can	 provide	 constant	 metrics	 on	 individual	 and	 team	

performance,	 including	 critical	 data-driven	 analytical	 feedback.	 This	 study	

involved	 investigating	 the	 use	 of	 1)	 eye	 tracking,	 2)	 psychophysiological	

monitoring	and	3)	attentional	capacity	in	surgical	simulation-based	assessment	

(specifically	in	coronary	angiography).	

We	recorded	data	 from	two	different	groups	of	 interventional	cardiologists	 to	

test	the	significance	of	metrics	 in	discriminating	between	novices	and	experts.	

Data	collection	took	place	in	the	ASSERT	Centre,	University	College	Cork.	

5.2.1 Equipment	

The	study	comprised	of	a	surgical	 simulator	with	simulated	patient	cases,	eye	

tracking	 glasses,	 a	 wristband	 for	monitoring	 psychophysiology	 and	 an	 added	

stimulus	task	from	a	supplementary	LCD	screen	displaying	playing	cards	for	the	

participant	to	view.	

5.2.1.1 Simulated	Coronary	Angiography	

A	Mentice	VIST-Lab25	 and	VIST	G5	 software	 provided	 the	 simulated	 coronary	

angiography	cases.	Two	cases	were	assessed	by	a	teaching	and	consultant	level	

interventional	cardiologist.	One	case	allowed	the	participant	to	practice	with	the	

system	and	the	second	case	was	the	primary	data	collection	session.	For	these	

cases,	participants	were	tasked	with	taking	nine	views	controlling	the	C-arm:	

• Right	Coronary	Artery	(RCA):	

o Left	Anterior	Oblique	(LAO)	30˚,	Cranial	15˚	

o Right	Anterior	Oblique	(RAO)	30˚		

o Anteriorposterior	(AP)	

• Left	Anterior	Descending	(LAD):	

o AP	

	
25 Vascular Intervention Simulation Trainer: http://www.mentice.com/vist-lab-with-vist-g5 
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o RAO	30˚,	Caudal	30˚	

o RAO	10˚,	Cranial	40˚	

o LAO	50˚,	Cranial	30˚	

o LAO	40˚,	Caudal	30˚	

o Lateral	

These	cases	were	chosen	to	maintain	a	balance	of	consistency	and	diversity	in	

that	similar	skills	and	decision-making	processes	were	assessed	in	the	context	of	

two	differing	procedures.	Each	participant	was	allocated	 ‘up	to	30	minutes’	 to	

practice	using	the	first	case	allowing	the	participant	to	gain	a	level	of	familiarity	

with	the	simulator.	The	investigator	provided	a	demonstration	on	how	to	use	the	

simulator	and	emphasised	key	components.		

5.2.1.2 Wearable	Technology	

SMI26	eye	tracking	glasses	with	analytical	software	were	used	to	measure	visual	

attention	 during	 procedures:	 (1)	 Experiment	 Center	 3.4	 to	 create/run	 the	

experiment,	(2)	iView	ETG	to	run	the	equipment	and	(3)	BeGaze	3.4	to	compute	

eye	 tracking	 metrics.	 The	 glasses	 allow	 the	 participant	 to	 move	 freely	 while	

performing	 the	 procedure,	 while	 capturing	 temporal	 and	 spatial	 metrics.	

Empatica’s	E427	wristband	provided	real-time	measurements	of	the	participant’s	

heart	 rate,	 inter	 beat	 intervals,	 EDA	 (4Hz),	 skin	 temperature	 (4Hz)	 and	 an	

accelerometer	(32Hz).	

5.2.1.3 Stimulus	Card	Task	

To	 measure	 attentional	 capacity	 by	 proxy,	 each	 participant	 was	 given	 an	

additional	stimulus	to	monitor	and	verbally	respond	to	using	a	specified	word	

(‘heart’)	when	a	given	playing	card	appeared	on	the	screen.	Before	each	session,	

it	was	made	 clear	 that	 the	 priority	 should	 be	 performing	 the	 procedure.	 Two	

variations	of	the	stimulus	were	provided,	one	for	each	of	the	two	attempts.	The	

first	acted	as	a	baseline	measurement,	with	less	attention	demanded.	The	second	

increased	the	attentional	demand	of	the	participant	during	the	procedure.	

	
26 https://www.smivision.com 
27 https://www.empatica.com/e4-wristband 
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This	 aspect	 of	 the	 study	 utilised	works	 from	Weaver	 [147]	 	 and	 Smith	 [148].	

Smith’s	 experiment	 in	 1992	 is	 not	 directly	 comparable	 to	 this	 study	 but	 is	

informative	 for	 designing	 the	 stimulus.	 In	 Smith’s	 experiment,	 the	 object	 of	 a	

playing	 card,	 which	 the	 researchers	 use	 in	 this	 study,	 would	 provide	 5.7	

bits/items	of	information	for	a	human	to	process.	Using	this	measurement,	the	

difference	for	information	output	between	the	stimulus	tasks	presented	during	

the	first	and	second	procedures	can	be	quantified.	The	component	of	exposure	

duration	is	important.	Smith	was	testing	memory	recall	and	experimented	with	

a	range	of	exposure	durations,	from	0.25	to	2	seconds.	The	2	second	exposure	

duration	 was	 determined	 to	 be	 appropriate	 for	 this	 study.	We	 increased	 the	

number	of	cards	the	participant	could	examine	per	minute	between	the	first	and	

second	performance.	Participants	examine	the	cards	looking	for	a	specific	card	

that	they	were	instructed	to	verbally	acknowledge.	Both	variations	have	the	same	

design:	continual	blocks	of	20	seconds	with	one	card	that	they	are	instructed	to	

verbally	 acknowledge.	Within	 these	 20	 second	 blocks,	 10	 presentation	 slides	

would	appear	for	2	seconds	each.	Using	a	random	number	generator,	the	random	

position	(within	the	10	slide)	of	the	specific	card	would	be	continually	changed	

according	to	an	integer	1-10	(referencing	its	position	in	the	block).	This	created	

a	semi-random	effect	with	both	stimulus	tasks	for	roughly	20	minutes	and	then	

the	presentation	would	loop	(we	did	not	expect	participants	to	take	longer	than	

10-15	 minutes	 for	 each	 procedure).	 This	 approach	 semi-randomised	 the	

appearance	of	 the	playing	 card	while	 guaranteeing	 that	 the	participant	would	

have	three	cards	to	acknowledge	every	60	seconds.	For	the	first	stimulus	task,	

this	 involved	 the	 remaining	 9	 slides	 (2	 seconds	 in	 duration	 each)	 containing	

nothing	 but	 black	 background	 and	 one	 playing	 card,	 within	 20	 second	 total	

duration.	The	 first	 attempt	 task	only	provided	3	playing	 cards	 (5.7	bits/item)	

exposed	for	2	seconds	each	and	therefore	an	information	output	of	17.1	bits	per	

60	 seconds.	 In	 contrast,	 the	 second	 performance	 stimulus	 card	 involved	 a	

continuous	sequence	of	cards	and	had	information	output	of	171	bits	every	60	

seconds.	
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5.2.2 Study	Protocol	

5.2.2.1 Explanation	and	Demonstration	of	the	VIST	Lab	Simulator	

Participants	 were	 informed	 that	 a	 0.035	 guide	 wire	 and	 5F	 catheter,	 with	 a	

contrast	 syringe	 was	 already	 connected	 for	 use.	 C-Arm	 controls	 to	 facilitate	

different	 views	were	 demonstrated.	 They	were	 asked	 to	 record	 9	 views.	 The	

auto-track	feature	is	explained.	They	were	shown	how	to	start	the	case	and	select	

instruments.	They	were	provided	with	a	practice	case	and	given	up	to	30	minutes,	

allowing	for	familiarity	with	the	simulator.	

5.2.2.2 Assistance	with	Wearable	Technology	

Before	the	main	procedure,	it	was	necessary	to	calibrate	the	eye	tracking	glasses	

and	 begin	 recording	 data	 for	 both	wearable	 devices.	 Once	 comfortably	 fitted,	

wristband	was	switched	on	and	using	an	iOS	application	the	recording	session	

was	initialised	via	Bluetooth.	Once	comfortable,	the	glasses	were	connected	via	

USB	to	the	portable	recording	device.	Eye	tracking	quality	was	confirmed.	3-point	

calibration	 was	 completed.	 Recording	 was	 initialised	 using	 the	 portable	

recording	device.	

5.2.2.3 Attempts	of	Coronary	Angiography	

o They	perform	their	simulated	procedure	on	the	VIST	simulator	and	take	

the	requested	views/images	of	the	heart	to	complete	the	attempt,	making	

a	little	mistakes/errors	as	possible.	

o Stimulus	Variation	One	–	First	Attempt.	

o This	was	a	single	card	(same	face	of	card	each	time)	appearing	on-

screen	in	random	intervals	and	the	participant	must	acknowledge	

it	 with	 the	 word	 ‘card’.	 This	 was	 scored	 in	 post-performance	

analysis	with	the	room	recording.		

o Post-performance	 they	 were	 invited	 to	 take	 a	 5-minute	 break	

before	their	final	attempt.		

o Stimulus	Variation	Two	–	Second	Attempt.	

o Now	 a	 task	 requiring	 (in	 theory)	 more	 attentional	 capacity	 is	

requested	alongside	their	coronary	angiography	procedure.	
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o The	 screen	 will	 show	 a	 different	 playing	 card	 every	 2	 seconds.	

When	 this	was	 the	Queen	of	Hearts,	 they	had	 to	 acknowledge	 it	

with	 the	 word	 ‘heart’.	 This	 was	 scored	 in	 post-performance	

analysis	with	the	room	recording.	

o Once	finished,	the	participant	was	debriefed	and	then	camera	recordings	

in	the	room	(lab)	and	simulator	data	were	gathered	for	analysis.		

	

5.2.3 Data	Analysis	

5.2.3.1 Procedural	Performance	

The	following	performance	metrics	were	exported	from	the	VIST	simulator	after	

each	session:	

o Performance	Duration	(minutes)	

o Total	Errors	

o Type	1:	Vessel	Wall	Scraping	

o Type	2:	Moving	Without	Wire	

o Type	3:	Too	Deep	in	Ostium	

o Type	4:	Wire	in	Small	Branch	

o Wire	 and	 Catheter	 use	 (including	 counts	 for	 each	 time	 selected	 and	

subsequently	detected	entering	the	simulator).	

5.2.3.2 Stimulus	Card	Task	

Using	 lab	 cameras	 and	 eye	 tracking	 footage,	 the	 cards	 that	 were	 correctly	

acknowledged	by	each	participant	in	each	performance	were	counted	against	all	

stimulus	cards	that	appeared.	A	percentage	of	correctly	acknowledged	cards	was	

used	as	an	assessment	metric.		

5.2.3.3 Eye-Tracking	Metrics	

This	 study	 is	 different	 from	Chapters	3	 and	4	 in	 that	 a	 stationary	 eye	 tracker	

would	not	have	been	suitable	for	this	type	of	eye	gaze	recording.	It	was	required	

that	 the	 participants	 could	 move	 their	 heads	 freely	 during	 their	 operating	

performance	and	that	was	only	possible	with	this	form	factor	of	eye	tracking.	So	
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instead	 of	 the	 Tobii	 X60	 eye	 tracker	 used	 in	 the	 previous	 chapters,	 SMI	 Eye	

Tracking	Glasses	were	used	and	therefore	their	own	temporal	eye	gaze	metrics	

which	are	discussed	in	this	section.	

Set-up	 of	 AOIs	 involve	 1)	 selecting	 the	 participant	 recording,	 2)	 identify	 the	

beginning	and	end	of	the	second	performance,	3)	designing	and	selecting	one	AOI	

(e.g.,	 instruments	screen),	4)	methodically	modifying	the	placement	of	the	AOI	

boundary	as	the	participant’s	view	changes	throughout	each	video	frame.	Four	

AOIs	 were	 defined	 as	 the	 instrument’s	 selection	 screen,	 the	 stimulus	 screen	

displaying	the	cards,	the	x-ray	and	the	vital	signs,	see	Figure	5-1.	

The	eye	tracking	glasses	were	connected	to	a	portable	recording	unit.	When	each	

session	was	completed,	the	recording	was	exported	to	the	BeGaze	software	suite	

for	analysis.	The	following	eye	tracking	metrics	were	calculated	by	the	software:	

o AOI	specific	metrics:		

o Dwell	%	

o Fixation	%	

o First	Fixation	Duration	(ms).	

o General	Eye	Tracking	(non-AOI):		

o Fixation	Frequency	

o Saccade	Frequency	

o Saccade	Latency	(ms).	

o AOI	Fixation	Transition	Counts.	

Fixation	 transitions	 count	 the	 direct	 switching	 of	 fixations	 from	 one	 AOI	 to	

another.	Additionally,	the	counts	for	transitions	between	AOIs	was	totalled	into	

a	new	metric	called	total	transitions.		Also,	another	metric	was	developed	using	

total	 transitions	 against	 procedure	 duration,	 i.e.,	 fixation	 transition	 frequency	

(transitions	between	AOIs	per	second).	

5.2.3.4 Wristband	Measurements	

To	 control	 data	 streams	 from	 the	 Empatica	 E4	 wristband,	 the	 Empatica	 iOS	

mobile	 application	 was	 used	 to	 start	 and	 end	 recordings	 via	 Bluetooth.	

Measurements	recorded	from	the	wristband	include	heart	rate	(bpm),	inter	beat	

interval	(SD	of	this	taken	as	heart	rate	variability),	EDA	(micro-Siemens	µS)	and	
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skin	temperature	(˚C).	Also	inbuilt	is	a	tri-axial	accelerometer	(X,	Y,	Z	axis	values	

at	32Hz).	We	calculated	 the	acceleration	magnitude	(ACC),	which	was	derived	

using	Euclidian	distance.	

5.2.3.5 Statistical	Methods	

The	R	programming	language	was	used	for	the	data	analytics.		Summary	statistics	

for	groups	are	presented	as	mean	and	standard	deviation	(Mean±SD).	Different	

significance	 tests	were	chosen	 to	perform	depending	on	 (1)	data	distribution:	

Mann	Whitney	U	test	if	non-normal	distribution,	and	(2)	unequal/equal	variance:	

Welch	t-test	if	unequal,	Student’s	t-test	if	equal.	All	significance	tests	reported,	as	

P	values,	were	either	Mann	Whitney	U	or	Welch	tests	as	no	equal	variances	were	

found.	Pearson	Product	Moment	was	used	performing	correlation	testing.	Figure	

5-1	provides	a	view	of	the	surgical	simulator	with	the	four	AOIs	and	a	participant	

during	their	performance.		

	

	

Figure	5-1	Experiment	 setup,	areas	of	 interest	highlighted.	Bottom	right	

shows	subject	during	performance.	
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5.3 Results	

Error!	Reference	source	not	found.	describes	the	demographics	of	the	novices	a

nd	experts	in	this	study.	

Participant	Demographic	Information	

Demographic	 Novice	 Expert	

Sex	
Female	=	3			

Male	=	4	

Female	=	0		

Male	=	7	

Experience	(years)	 2.8	±1.8	 19.9	±5.9	

Minimum	Coronary	Angiograms	(annually)	 113	±91	 464	±225	

“Prior	experience	with	simulation-based	

training?”	

No	=	4		

Yes	=	3	

No	=	1		

Yes	=	6	

“Prior	experience	with	the	study	surgical	

simulator?”	

No	=	7		

Yes	=	0	

No	=	6		

Yes	=	1	

Left/Right-Handed	
Left	=	1		

Right	=	6	

Left	=	2		

Right	=	5	

Practice	Time	Used	 28	±4	 19	±9	

	

Novices	had	a	mean	experience	in	years	of	2.8	±1.8	versus	19.9	±5.9	for	experts	

(p	=	0.00001).	Novices	had	participated	in	a	mean	113	±91	coronary	angiogram	

cases	 in	past	12	months	versus	464	±225	for	experts	(p	=	0.005).	Experts	had	

more	experience	in	(computer-driven)	simulation-based	training	(86%	vs	43%).	

Almost	all	participants	had	never	used	the	VIST-Lab	simulator	(0%	vs	14%,	7%	

in	total).	Participants	were	also	asked	to	declare	if	they	were	left	or	right-handed	

(1L	&	6R	vs	2L	&	5R).	The	only	females	in	the	study	(n=3)	were	novices.	Experts	

were	more	 likely	 to	 signal	 ‘early’	 (before	30	minutes	was	complete)	 that	 they	

were	ready	to	begin	the	real	case.	Experts	had	a	mean	practice	time	of	19	minutes	

compared	with	28	minutes	for	novices	(p	=	0.04).	

5.3.1 Procedural	Performance	

Table	 5-1	 presents	 the	 key	 metrics	 for	 procedural	 performance	 for	 both	

attempts.	
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Table	5-1	Group	Comparison:	Procedure	Performance	Metrics	

Procedure	Performance	Metric	 First	Attempt	 P	=	 Final	Attempt	 P	=	

Novice	 Expert	 Novice	 Expert	

Performance	Duration	(minutes)	 15	±5	 11	±6	 0.20	 13	±5	 13	±6	 0.98	

Total	Errors	 11	±9	 9	±6	 0.80	 11	±6	 15	±7	 0.30	

Error	Type	1:	 Vessel	Wall	Scraping	 1	±3	 0	±0	 0.90	 1	±2	 2	±2	 0.20	

Error	Type	2:	 Moving	Without	Wire	 8	±6	 7	±6	 1.00	 8	±5	 12	±8	 0.30	

Error	Type	3:	 Too	Deep	in	Ostium	 1	±1	 1	±1	 0.60	 1	±0	 1	±1	 0.80	

Error	Type	4:	 Wire	in	Small	Branch	 1	±1	 0	±1	 0.90	 1	±1	 0	±0	 0.50	

Card	Acknowledgement	%	 72	

±31	

76	

±20	

0.70	 75	

±21	

74	

±20	

0.90	

Wire/Catheter	Count	 3	±0	 3	±0	 N/A	 3	±0	 3	±1	 0.70	

Wire/Catheter	Re-Entry	 5	±5	 3	±1	 0.30	 3	±2	 4	±3	 0.40	

	

Table	 5-2	 presents	 changes	 in	 errors	 and	 the	 stimulus	 task	 card	

acknowledgement	%,	 either	 improvement	 or	 deterioration,	 between	 the	 first	

and	final	attempt.	

	

Table	5-2	Group	Comparison:	Key	Metric	Changes	Between	Attempts	

Metric	Change	 Novice	 Expert	 P	=	

Total	Errors	 0	±8	 +6	±10	 0.20	

Card	Acknowledgment	%	 +4	±28	 -2	±22	 0.70	

	

It’s	notable	that	experts	increase	their	total	errors	compared	with	novices,	along	

with	a	poorer	card	acknowledgement	rate.		

5.3.2 Stimulus	Task	and	Total	Errors	

Figure	5-2		shows	the	correlation	between	the	stimulus	task	and	total	errors	for	

the	first	attempt,	which	involved	the	less	demanding	stimulus	card	task.	There	is	

a	weak	and	insignificant	positive	correlation	with	card	acknowledgement	%	and	

total	 errors	 (r	=	0.36,	 p	 =	 0.21).	 There	 is	 equality	 between	novice	 and	 expert	
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regarding	correlation	coefficient	effect	size	when	 tested	with	Pearson	product	

moment	(r	=	0.38	vs	r	=	0.38)	with	p	=	0.39	for	both.	Figure	5-3	shows	the	same	

correlation	for	the	final	attempt.	Using	all	participants,	there	is	an	insignificant	

moderate	negative	correlation	(r	=	-0.46,	p	=	0.10),	however	an	obvious	outlier	

exists.		

A	note	on	outliers:	previously	in	Chapter	3	and	4,	outliers	remained	as	there	was	

desire	 to	keep	as	much	data	as	possible	 in	 the	exploratory	analysis.	However,	

with	this	Chapter	and	with	a	different	study,	two	things	have	changed.	Firstly,	the	

researcher	has	grown	to	understand	the	impact	of	these	outlier	effects,	including	

under	 continued	 guidance	 from	 researching	 peers.	 Secondly,	 with	 the	 much	

smaller	sample	count	(as	a	pilot	study),	there	will	be	a	lack	of	statistical	power	

for	 a	 lot	 of	 these	 measurements	 anyway	 and	 therefore	 we	 want	 to	 uncover	

distinct	patterns	regardless	of	that.	

With	this	outlier	removed,	there	is	a	significant	strong	negative	correlation	(r	=	-

0.84,	p	=	0.0003).	No	correlation	exists	for	novices,	but	this	included	the	outlier	

mentioned	(r	=	0.03,	p	=	0.95)	and	when	removed	we	have	an	insignificant	but	

moderate	 negative	 correlation	 (r	 =	 -0.44,	 p	 =	 0.38).	 Finally,	 a	 statistically	

significant	and	strong	negative	correlation	is	demonstrated	by	the	expert	group	

(r	=	-0.95,	p	=	0.0009).	
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Figure	5-2	Card	acknowledgement	%	effect	on	total	errors	for	first	attempt.	[1]	All	participants	(full	dataset).	[2]	Novice	only,	

[3]	Expert	only.	
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Figure	 5-3	 Card	 acknowledgement	%	 relationship	with	 total	 errors	 for	 the	 final	 attempt.	 [1]	 All	 participants	 (full	 dataset)	

included,	[2]	A	clear	outlier	(a	novice)	is	removed	from	dataset.	[3]	Novice	only.	[4]	Novice	only	with	outlier	removed.	[5]	Expert	

only.
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5.3.3 Eye-Tracking	Metrics	

Table	5-3	presents	the	group	comparison	of	AOI	specific	eye	tracking	metrics:	

instruments,	vital	signs,	x-ray	and	stimulus.		

	

Table	 5-3	 Group	 Comparison:	 Eye	 Tracking	 Metrics	 on	 AOIs	 (Display	

Screens)	

Eye	Tracking	

Metric	

Area	of	

Interest	
Novice	 Expert	 P	=	

Dwelling	(%)	

Instruments	 4.7	±1.6	 11.1	±4.3	 0.006	

Vital	Signs	 1.7	±1.8	 1.6	±2.2	 0.65	

X-Ray	 30.8	±17	 42.7	±8.8	 0.13	

Stimulus	 4.7	±3.9	 7.3	±3.8	 0.24	

Total	 41.9	±20.4	 62.7	±10	 0.03	

Fixating	(%)	

Instruments	 3.5	±1.4	 8.5	±3.5	 0.007	

Vital	Signs	 1.3	±1.4	 1.4	±2.0	 0.70	

X-Ray	 24.8	±14.3	 34.2	±8.7	 0.17	

Stimulus	 4.0	±3.2	 6.1	±3.2	 0.23	

Total	 33.5	±17	 50.2	±9.6	 0.04	

First	Fixation	

Duration	(ms)	

Instruments	 128	±45	 157	±37	 0.24	

Vital	Signs	 105	±62	 157	±105	 0.31	

X-Ray	 152	±60	 200	±100	 0.24	

Stimulus	 124	±50	 204	±99	 0.09	

	

Experts	had	a	significantly	larger	dwell	%	(11.1	±4.3	vs	4.7	±1.6,	p	=	0.006)	and	

fixation	%	(8.5	±3.5	vs	3.5	±1.4,	p	=	0.007)	on	the	instruments	screen.	In	addition,	

experts	had	a	significantly	higher	totalled	dwell	%	(63	±10%	vs.	42	±20%,	p	=	

0.03)	and	fixation	%	(50.2	±9.6	vs	33.5	±17,	p	=	0.04)	as	shown	in	Figure	5-4.	
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Figure	5-4	(1)	Total	Dwell	%	and	(2)	Total	Fixation	%	(on	all	AOIs)
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Table	 5-4	presents	 the	 general	 eye	 gaze	metrics	with	 none	being	 statistically	

significantly	different	between	the	groups.	

	

Table	5-4	Group	Comparison:	General	Eye	Tracking	Metrics	

Eye	Tracking	Metric	 Novice	 Expert	 P	=	

Fixation	Frequency	(fixations/second)	 2.4	±0.2	 2.5	±0.3	 0.37	

Fixation	Duration	(ms)	 223	±59	 251	±53	 0.36	

Fixation	Dispersion	(pixels)	 57	±18	 52	±12	 1.00	

Saccade	Frequency	(saccades/second)	 2.9	±0.7	 2.8	±0.5	 0.90	

Saccade	Duration	(ms)	 76	±3	 78	±1	 0.40	

Saccade	Amplitude	(˚)	 75	±117	 21	±7	 0.30	

Saccade	Latency	(ms)	 286	±67	 284	±69	 0.94	

	

Table	5-5	shows	the	fixation	transitions	between	all	AOIs.	None	of	the	transition	

count	differences	are	significantly	different	between	groups.	Figure	5-5	shows	

the	group	difference	for	transition	frequency:	transitions	made	between	any	of	

the	AOIs	per	second.	

	

Table	5-5	Group	Comparison:	Fixation	Transitions	between	AOIs	(Display	

Screens)	

Fixation	

Start	
Fixation	End	 Novice	 Expert	 P	=	

Instruments	

Stimulus	 14	±20	 27	±18	 0.10	

X-Ray	 31	±30	 65	±93	 0.37	

Vital	Signs	 1	±3	 2	±2	 0.52	

Stimulus	

Instruments	 11	±15	 23	±16	 0.10	

X-Ray	 66	±73	 100	±41	 0.07	

Vital	Signs	 2	±1	 4	±6	 0.60	

X-Ray	

Instruments	 35	±35	 66	±96	 0.50	

Stimulus	 64	±75	 102	±45	 0.07	

Vital	Signs	 14	±12	 15	±14	 1.00	

Vital	Signs	 Instruments	 3	±4	 1	±2	 0.70	
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Stimulus	 4	±4	 3	±3	 0.60	

X-Ray	 15	±16	 15	±16	 0.80	

All	

Total	Transitions	
261	

±244	

423	

±300	
0.20	

Transition	Frequency	

(transitions/second)	

0.32	

±0.17	

0.53	

±0.20	
0.06	

	

	 	



161	
	

	

Figure	5-5	Group	comparison	for	transition	frequency	over	all	AOIs.	

5.3.4 Wristband	Measurements	

Table	 5-6	 presents	 the	 measurements	 recorded	 from	 the	 wristband.	 Each	

measurement	includes	the	summary	statistics	as	variables:	mean,	min,	max	and	

SD.	 No	 strong	 statistical	 correlations	 were	 found	 between	 the	 E4	 wristband	

measurements	 and	 the	 groups.	 SD	 of	 inter-beat	 intervals	 is	 significantly,	

negatively	 correlated	with	mean	 skin	 temperature	 (r	 =	 -0.67,	 p	 =	 0.009)	 and	

significantly,	positively	correlated	with	SD	of	EDA	(r	=	0.67,	p	=	0.01).	As	shown	

in	Figure	5-6,	the	only	insightful	significant	difference	of	note	is	that	experts	had	

a	larger	SD	of	EDA	(2.52	±2.38	vs.	0.89	±0.74	µS,	p	=	0.03).		
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Table	5-6		Group	Comparison:	Psychophysiological	Measurements	from	E4	

Wristband	Recorded	During	Performances	

Measurement	 Novice	 Expert	 P	=	

EDA	

Mean	 1.99	±3.16	 5.31	±4.74	 0.13	

Min	 0	±0	 0	±0	 N/A	

Max	 4.02	±2.96	 10.85	±9.97	 0.03	

SD	 0.89	±0.74	 2.52	±2.38	 0.04	

Inter	Beat	Interval	

Mean	 0.683	±0.148	 0.691	±0.081	 0.80	

Min	 0.453	±0.117	 0.464	±0.111	 0.86	

Max	 1.096	±0.143	 1.047	±0.109	 0.48	

SD	 0.070	±0.016	 0.076	±0.017	 0.50	

Skin	Temperature	

Mean	 34.3	±1.5	 34.1	±0.7	 0.72	

Min	 30.3	±2.5	 26.9	±2.3	 0.02	

Max	 35.3	±2.0	 35.6	±0.9	 0.98	

SD	 0.6	±0.3	 1.4	±1.0	 0.07	

ACC	

Mean	 63.91	±0.05	 64.09	±0.40	 0.28	

Min	 12.19	±2.01	 12.68	±5.13	 0.80	

Max	 185.08	±18.41	 174.68	±16.94	 0.29	

SD	 5.26	±0.26	 5.39	±1.56	 0.84	
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Figure	 5-6	Group	 comparison	 of	 calculated	 SD	 for	 recorded	 EDA	during	

both	attempts.	

	

5.4 Discussion	

This	is	the	first	study	to	use	eye	tracking	and	psychophysiological	monitoring	in	

this	setting.	This	is	also	the	first	study	to	use	a	stimulus	task	as	a	proxy	to	measure	

attentional	capacity	during	simulated	surgical	procedures.	This	study	resulted	in	

several	 metrics	 that	 could	 be	 used	 in	 a	 model	 to	 automatically	 discriminate	

between	 novices	 and	 experts,	 perhaps	 leading	 to	 assess	 proficiency	 on	 a	

spectrum.	Experts	had	greater	dwell	time	on	the	x-ray	which	perhaps	indicates	

their	superiority	in	spatial	awareness	and	coordination.	Experts	also	had	greater	

transitions	between	AOIs	which	could	indicate	their	intention	for	more	frequent	

cross-referencing.		The	wristband	produced	only	a	small	number	of	metrics	that	

are	of	interest.	Perhaps	when	it	comes	to	accelerometer	recorded	movement,	the	

hands/fingers	would	be	of	higher	value	in	future	analysis	and	therefore	would	

necessitate	 a	 different	 type	 of	 wearable	 monitoring	 tool.	 The	 SD	 of	 EDA	

discriminated	between	the	two	groups.	Whilst	insignificant,	HRV	indicated	that	
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experts	 were	 less	 stressed	 during	 the	 procedure.	 Most	 interestingly,	 we	

discovered	 that	 card	 acknowledgement	 rate	 during	 the	 stimulus	 task	 is	

predictive	of	the	number	of	handling	errors	in	a	procedure.	It	is	also	interesting	

to	observe	the	lack	of	visual	attention	dedicated	to	the	patient	vital	signs	from	

both	groups	(1.6%	and	1.7%	respectively).	

There	is	potentially	significant	value	for	quantified	behaviour	during	high	stakes	

operations	within	various	environments,	from	the	operating	room	to	the	cockpit	

of	 a	 commercial	 aircraft.	 Despite	 the	 difficult	 and	 time-consuming	 methods	

required	 to	 capture	 this	 data,	 it’s	 value	 when	 used	 with	 machine	 learning	

techniques	 could	 result	 in	 smarter,	 more	 responsive	 environments	 with	

intelligent	feedback	provided	to	the	operators.	

Experts	complete	their	first	attempt	faster	than	novices	but	in	the	final	attempt,	

there	is	little	difference	demonstrated.	This	could	be	indicative	of	the	confounded	

effect	 that	 the	 added	 stimulus	 task	 had	 on	 the	 procedural	 performance	 –	

whatever	 effect	 it	 has	 had	 on	 the	 novice,	 it	 is	 much	 more	 pronounced	 with	

experts.	Experts	have	fewer	total	errors	in	their	first	attempt	in	comparison	with	

novices	and	performance	two	sees	this	flipped	with	the	expert	committing	more	

errors	 than	 the	 novice.	 This	 is	 a	 surprising	 result;	 however,	 this	 result	 is	 not	

statistically	significant	(p	=	0.20).	One	interesting	difference	 is	that	 in	the	first	

performance,	the	expert	had	0	±0	scraping	vessel	wall	errors	reported	from	the	

simulator,	while	in	comparison	the	novice	had	1	±3.	However,	when	it	came	to	

the	 final	 attempt,	 including	 a	 much	 more	 demanding	 stimulus	 task,	 this	 is	

completely	flipped	despite	both	groups	performing	the	same	case	for	a	second	

time	(in	theory,	you	would	expect	a	better	performance),	with	experts	reporting	

2	±2	compared	to	novices	reporting	the	same	1	±2.		

It	can	be	speculated	that	experts	are	affected	more	by	the	second	variation	of	the	

stimulus	task	compared	to	the	novices.	Other	than	this,	it	can	be	suggested	that	

either	 the	 sample	 size	 is	 too	 small	 or	 that	 the	 experts	 have	 possibly	 lost	

concentration	or	have	demonstrated	a	waning	 interest	 in	 the	challenge	by	the	

second	attempt.	

The	 stimulus	 card	 task	 produced	 mixed	 results	 when	 looking	 at	 both	

performances.	 There	 were	 no	 significant	 differences	 in	 how	 the	 groups	

performed	on	the	additional	task	whilst	carrying	out	the	procedure.	In	the	second	
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performance,	novices	improved	their	card	acknowledgement	%	while	the	expert	

%	deteriorated	slightly	changing	to	a	more	demanding	stimulus	task.	It	could	be	

speculated	 that	 the	 distraction	 of	 the	 cards	 had	 a	 greater	 impact	 on	 experts,	

perhaps	 since	 experts	 can	 quickly	 become	 ‘in	 the	 flow’	 given	 they	 are	 more	

influenced	 by	 automatic	 muscle	 memory	 and	 ‘auto	 pilot’	 abilities.	 Likewise,	

perhaps	the	novices	are	less	‘set’	with	the	process	and	additionally,	expecting	a	

challenge,	therefore	able	to	adapt	better.	

The	largest	effect	sizes	found	when	looking	for	key	correlations,	is	that	for	the	

final	 performance	 two,	 the	 expert	 card	 acknowledgement	 %	 is	 strongly	

negatively	correlated	with	the	total	errors.	This	relationship	for	the	final	attempt	

is	also	seen	(though	not	as	strongly)	with	all	participants	once	we	have	removed	

one	outlier.	With	the	less	demanding	and	less	frequent	stimulus	provided	to	the	

participants,	card	acknowledgement	%	seems	to	be	weakly	positively	correlated	

with	total	errors.	This	is	consistent	in	both	groups	with	almost	no	difference	in	

effect	coefficient	and	p-value.	

This	 study	 has	 suggested	 that	 eye	 tracking	 could	 have	 a	 role	 to	 play	 in	 the	

automated	assessment	of	 interventional	cardiologist	 trainees	with	this	 type	of	

high-fidelity	 surgical	 simulator.	 The	 eye	 tracking	 metrics	 have	 been	 able	 to	

quantify	how	the	expert	significantly	spends	much	more	visual	attention	(both	

with	dwell	%	and	it’s	encompassing	fixation	%)	at	the	display	screens	compared	

to	 the	 novice.	 This	might	 be	 intuitive	 to	 those	 familiar	with	 surgery	 and	may	

predict	 it	 as	 an	 expected	 consequence	 of	 superior	 spatial	 awareness	 or	

significantly	higher	level	of	experience	–	analogous	to	an	experienced	driver	and	

a	learner	(where	the	expert	makes	many	actions	automatically	without	delay	and	

the	need	to	visually	attend	to	the	objects	their	hands	interact	with).	On	average	

the	expert	spends	much	more	of	their	visual	attention	looking	at	the	instruments	

display	 screen	 (selecting	 and	 changing	 instruments).	 Although	 it	 lacked	

statistical	 significance,	 we	 also	 found	 that	 on	 average	 the	 expert	 will	 have	 a	

higher	frequency	of	fixation	transitions	between	the	display	screens	compared	

with	the	novice.	

Finally,	 the	 attempt	 to	 analyse	 psychophysiological	 measurements	 acquired	

using	the	E4	wristband	has	provided	little	insight.	One	outcome	is	that	on	average	

the	expert	will	record	a	significantly	higher	SD	of	EDA	for	their	measurements	
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over	time	in	comparison	to	the	novice.	What	this	higher	SD	in	quantified	arousal	

from	skin	conductance	means	in	a	clinical	performance	setting	is	up	for	debate.	

There	is	a	moderate	positive	correlation	with	HRV	(Inter	beat	interval	SD).	An	

increase	in	HRV	during	a	set	task	is	usually	indicative	of	less	stress.	
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5.5 Limitations	

Despite	the	high-fidelity	of	the	laboratory	and	virtual	reality	simulator,	this	data	

was	 not	 recorded	 in	 a	 real	 clinical	 environment	with	 a	 real	 patient.	 The	 low	

sample	numbers	while	understood	(feasibility	of	gathering	data	from	numerous	

extremely	busy	operators	 to	partake	 in	a	study	during	a	 three-month	period),	

hinder	what	can	be	inferred	from	the	results.	Also,	we	must	acknowledge	that	

there	 was	 no	 baseline	 psychophysiological	 measurement	 of	 the	 participant	

before	 the	 session.	 For	 example,	 context	 for	 a	 participant	 that	 was	 stressed	

already	is	not	considered	or	that	some	participants	may	have	been	eager	to	leave	

within	a	certain	time,	having	a	rushed	effect	on	their	final	procedure	attempt.	
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5.6 Future	Work	

Some	 metrics	 almost	 statistically	 discriminate	 between	 the	 two	 groups	 but	

perhaps	 lack	 significance	 due	 to	 the	 low	 sample	 numbers	 (p<0.20).	 Future	

studies	attempting	a	similar	experimental	set	up	should	consider	the	length	of	

time	 provided	 to	 participants	 for	 practice	 and	 familiarising	 with	 the	 surgical	

simulator.	This	would	reduce	the	confounder	of	computer	literacy	and	learning	

a	new	user	interface.	For	further	testing	of	the	stimulus	card	task,	other	metrics	

such	 as	 mean	 Saccade	 Latency	 (ms)	 specific	 to	 the	 stimulus	 card	 (from	 the	

moment	it	appears	on	screen)	to	the	moment	it	is	acknowledged	may	follow	in	

future	work	–	this	would	be	a	more	precise	measurement	of	attentional	capacity	

in	comparison	to	the	rudimentary	count	of	correctly	acknowledging	the	card.		

Looking	 beyond	 the	 simulation	 laboratory	 setting,	 capturing	

psychophysiological	metrics	and	measurements	 in	a	real	clinical	environment,	

while	still	running	a	simulation	would	add	to	the	validity	of	the	data	captured.	In	

the	case	of	this	procedure,	using	a	simulated	operator	room	with	full	immersion:		

leads,	 scrubs	 and	 a	 theatre	 team	 to	 support	 the	 participant.	 This	 could	 drive	

larger	differences	between	genuine	novices	and	experts.		Beyond	that,	it	would	

seem	that	this	work	is	linked	with	a	greater	goal	of	creating	what	some	call	‘smart	

theatres.	
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5.7 Conclusions	

This	pilot	work	contributes	to	the	area	of	sensor-based	smart	theatres	and	for	

assessing	 trainees	 and	 operators.	 This	 could	 also	 perhaps	 provide	 ongoing	

automated	analytical	 feedback	 to	 individuals	and	 teams	to	drive	performance.		

The	 study	 captured	 a	 unique	 dataset	 with	 psychophysiological	 metrics	 along	

with	a	novel	measurement	of	attentional	capacity	recorded	during	an	important	

highly	 skilled	 clinical	 procedure.	 Significant	 differences	 between	 groups	 have	

been	found	when	using	these	metrics;	most	notably	the	dwell	%	and	fixation	%	

spent	on	the	display	screens.	This	study	provides	incentive	for	further	work	in	

the	area,	with	 larger	sample	sizes,	 larger	range	of	procedures	and	using	more	

immersive	settings.	

This	work	has	been	published	in	the	International	Journal	of	Computer	Assisted	

Radiology	and	Surgery	under	the	title	“Wearable	Technology-Based	Metrics	for	

Predicting	Operator	Performance	During	Cardiac	Catheterisation.”		
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Chapter	6 Summary	of	Contributions,	
Preliminary	Studies	and	Future	Work	
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6.1 Introduction	

Human	computer	interaction	(HCI)	research	is	an	exciting	field	that	involves	the	

understanding	 of	 how	 humans	 interact	 with	 computers	 and	 furthermore,	

understanding	 how	 that	 interaction	 can	 be	 improved	 through	 the	 creation	 of	

novel	solutions.	Without	delving	into	the	modern	discussion	around	automation	

and	what	role	that	will	play,	computers	were	invented	to	serve	humans	as	tools	

–	and	for	that	alone	this	area	of	study	belongs	under	the	umbrella	of	computer	

science.	 Computers	 in	 this	 scenario,	 means	 that	 any	 computational	 device	

(including	peripherals)	that	humans	interact	with.	 In	recent	decades,	this	now	

includes	 smartphones,	 smartwatches,	 tablets	 or	 any	 kind	 of	 device	 that	 is	

working	with	data	(e.g.,	the	idea	of	an	Internet	of	Things).	This	is	not	just	about	

traditional	desktop	computers	any	longer	–	in	fact	most	of	the	new	HCI	research	

emerging	will	be	unlikely	to	be	of	that	form-factor.	

The	challenges	of	HCI	research	go	beyond	algorithms	and	software	architectures.	

What	 is	 increasingly	desired	 is	building	augmentative	 technology,	whether	an	

interface	or	a	wearable	device	that	really	helps	people	accomplish	their	tasks.		

Another	challenge	is	that	HCI	can	provide	guidance	on	how	much	control	should	

be	 passed	 to	 the	 computer	 side	 of	 the	 interaction	 and	 how	much	 control	 the	

human	being	should	retain	when	performing	a	task.	It’s	not	always	obvious	what	

a	machine	can	be	relied	upon	to	do	automatically	and	HCI	research	can	enlighten	

us	on	how	the	balance	should	be	placed	(at	least	for	this	current	time).	

The	work	presented	in	the	thesis	makes	contributions	to	the	area	of	computer	

science	 under	 the	 categories	 of	 HCI,	 medical	 informatics	 as	 well	 as	 decision	

making.	The	contributions	also	make	contributions	 to	areas	outside	computer	

science:	in	eye-tracking	(visual	systems,	psychology)	though	it	is	a	common	input	

device	 for	 HCI	 research,	 medicine	 (radiology	 and	 interventional	 cardiology),	

nursing	 (patient	 monitoring	 and	 vital	 signs	 monitoring)	 and	 technology-

enhanced	learning.	More	generally,	the	work	provides	evidence	that	a	computer	

can	automatically	understand	and	classify	task	competency	from	a	human	using	

computational	 eye	 tracking.	 This	 is	 related	 to	 an	 emerging	 area	 in	 computer	

science	known	as	‘affective	computing’,	which	has	the	ambition	of	using	similar	

techniques	that	allow	a	computer	to	automatically	understand	the	emotions	and	
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affective	 human	 behaviours.	 Using	 sensors	 such	 as	 eye	 trackers	 and	 other	

wearables,	the	computer	can	now	build	a	profile	of	the	user	without	requiring	

the	user	 to	manually	 input	 their	data.	This	can	be	 thought	of	as	 ‘implicit’	data	

collection	and	certainly	has	a	number	of	ethical	and	legal	challenges.	Indeed,	it	is	

imperative	 that	 the	user	provides	explicit	 consent	 for	 the	 computer	 to	 record	

implicit	data	such	as	automatic	user	interaction	logs	or	the	collection	of	sensor	

data.	Whilst	this	data	is	arguable	anonymous	and	non-identifiable,	the	user	still	

has	a	right	to	consent.	In	this	thesis,	eye	tracking	combined	with	data	mining	can	

be	used	to	automatically	infer	how	good	a	person	is	at	their	task	without	ever	

asking	 the	 user	 for	 data.	 Eye	 tracking	 is	 unobtrusive	 unless	 the	 researcher	 is	

using	eye	tracking	googles.	Eye	trackers	today	currently	require	calibration	with	

the	 human	 user;	 hence	 the	 user	 is	 completely	 aware	 that	 they	 are	 being	 eye	

tracked.	However,	perhaps	eye	trackers	in	the	near	future	might	be	calibration	

free.	And,	once	they	are	widely	available,	then	users	may	not	be	aware	that	gaze	

data	 is	 being	 collected.	 This	 could	mean	 that	 gaze	 data	 could	 be	 collected	 in	

certain	scenarios.	For	example,	Samara	et	al.	[149],	devised	a	scenario	where	an	

eye	tracker	in	an	airport	could	be	used	to	determine	if	the	user	is	struggling	to	

complete	the	self-check	on	a	computer	system	and	a	member	of	staff	could	be	

alerted	to	that	desk.	This	scenario	could	be	realised	given	that	this	work	in	this	

thesis	 supports	 the	 idea	 that	 eye	 gaze	 provides	 insight	 into	 human	 task	

competency.		

	

Most,	if	not	all,	statistical	analysis	performed	for	these	studies	were	done	so	with	

the	R	programming	language.	This	tool/technology	along	with	its	support	tools	

for	 statisticians	 and	programmers	 has	 grown	 in	 popularity	 in	 recent	 years,	 is	

becoming	(alongside	Python)	the	go-to	programming	language	for	data	science	

beyond	 ubiquitous	 tools	 (Microsoft	 Excel	 or	 SQL)	 [150],	 and	 is	 becoming	 an	

important	mainstay	at	some	of	the	more	successful	data-driven	companies	[79].	
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6.2 Evaluation	of	Research	Aims	&	Objectives	
Research	questions	and	their	related	research	objectives	were	given	in	section	

1.3.	 For	 each	 of	 these,	 an	 evaluation	 can	 be	made	 against	 them	 for	 the	work	

presented	in	Chapters	3-5.		

	

To	 begin	with,	 in	 1.3.1	 a	 rationale	was	 given	 that	 evidence	 could	 be	 found	 to	

support	 new	 technologies	 such	 as	 eye-tracking	 and	 other	 monitoring	

technologies	augmenting	with	computer-based	simulators	as	a	way	of	providing	

not	 only	 qualitative	 feedback	 but	 also	 for	 discriminating	 between	 the	 level	 of	

performance.	In	addition	to	this,	in	1.3.2	an	assumption	is	declared	that	this	will	

be	on	 the	basis	of	 the	eye-mind	hypothesis,	 that	 visual	 attention	patterns	 can	

indicate	cognitive	processes.	On	this	basis,	two	similar	hypotheses	were	given:	

Hypothesis	 1:	 Computational	 eye	 tracking	 and	machine	 learning	 predicts	 the	

level	of	competence	and	characteristic	of	healthcare	practitioners	 interpreting	

patient	diagnostic	information	and	carrying	out	interventions.	

Hypothesis	 2:	 Computational	 eye	 tracking	 and	machine	 learning	 predicts	 the	

competence	 and	 characteristics	 of	 healthcare	 practitioners	 performing	

therapeutic	procedures.		

Finally,	 the	 research	 questions	 and	 accompanying	 objectives	 were	 formally	

declared.	Two	of	the	research	questions	have	identical	objectives	to	answer	the	

question,	while	the	other	only	has	one	objective.	An	evaluation	of	success/failure	

will	be	made	against	these.	
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Question:	What	is	the	current	state	of	eye	tracking	in	healthcare	research	and	has	

any	published	work	been	shown	to	discriminate	using	eye	tracking	metrics	in	a	

healthcare	setting?	

Objective:	 Perform	 a	 literature	 review	 to	 understand	 the	 current	 state	 of	

simulation	in	healthcare.	Additionally,	in	this	review,	search	and	distil	relevant	

literature	to	understand	the	current	standing	of	eye	tracking’s	role	in	assessing	

performers	of	healthcare	simulation	scenarios.	This	is	aimed	to	grasp	what	gaps	

exists	for	future	work.	

	

Evaluation	

A	literature	review	was	performed	and	is	presented	in	Chapter	2.	It	covered	the	

areas	of	patient	safety,	simulation-based	training,	eye-tracking	technology	and	

data	science.	It	provided	an	overview	of	the	close	related	studies	to	the	work	that	

was	undertaken,	highlighting	the	main	findings	of	these	studies	and	the	research	

gaps	seemingly	in	the	area	of	study.	

The	literature	review	is	limited	by	its	search	strategy	which	an	ad	hoc	approach	

rather	than	a	systematic	one.	However,	the	literature	found	provided	a	wealth	of	

information	of	the	topics	desired	to	understand	the	areas	and	to	see	what	gaps	

exist	that	can	be	explored	in	future	work.	Uncovering	these	gaps	was	important	

to	 shaping	 the	 studies	 that	 were	 eventually	 undertaken.	 Despite	 mentioned	

limitations,	the	objective	has	been	met.	
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Question	1:	Can	eye	tracking	metrics	recorded	from	participants	performing	a	

clinical	task	or	procedure	discriminate	the	poor	from	high	level	performers?	

Question	2:	Can	eye	tracking	metrics	recorded	from	participants	performing	a	

clinical	task	or	procedure	discriminate	between	characteristics	of	the	performer	

regardless	of	performance	level?	As	an	example,	to	discriminate	between	novices	

and	experts	based	on	years’	experience.	

Objectives:		

(1)	Develop	and	conduct	a	study	that	simulates	a	lower-risk	task	or	duty	while	

capturing	 visual	 attention	 with	 eye	 tracking	 technology	 and	 other	 metrics	 if	

appropriate.	

(2)	 Develop	 and	 conduct	 a	 study	 that	 simulates	 an	 activity	 in	 higher-risk	

procedures.	This	is	to	show	the	comparison	between	lower-risk	and	higher-risk	

simulation	training	in	healthcare.	

	

Evaluation	

The	initial	question	could	be	alternatively	asked	if	whether	eye	tracking	metrics	

could	provide	quantifiable	patterns	that	could	be	distinct	to	better	performers	of	

a	task	or	procedure.	The	second	question	is	similar	but	can	be	the	same	metrics,	

rather	 than	 specifically	 relate	 to	 performance	 of	 a	 task	 or	 procedure,	 simply	

reveal	(and	therefore	predict)	characteristics	(e.g.,	level	of	experience)	of	certain	

types	of	performer/trainee	when	using	a	simulator	for	training.		

The	objectives	listed	individually	look	to	contribute	to	answering	the	questions	

but	together	they	cover	two	of	the	most	common	simulation	study	types	found	in	

the	 literature	 review:	 a	 lower	 risk	 (knowledge-driven)	 task	 and	 a	 higher-risk	

procedure.	

The	first	objective	was	done	by	the	research	presented	in	Chapters	3	and	4.	The	

lower-risk	 task	was	 interpretation	of	a	vital	signs	monitor,	 in	 the	scope	of	 the	

patient	monitoring	duty	that	nurses	must	perform	to	avoid	patient	deterioration.	

This	study	resulted	in	a	unique	capturing	of	visual	attention	measurements,	from	

a	 set	 of	 nurses	 (with	 varying	 experience	 and	 expertise)	 while	 reading	 and	

interpreting	 from	a	 simulated	vital	 sign	monitor.	The	 study	 showed	both	 that	

visual	 attention	 and	 the	 performance	 level	 for	 this	 specific	 task	 were	 not	

independent	 of	 each	 other	 and	 when	 the	 eye-tracking	 data	 was	 used	 in	
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classification	modelling,	the	best	model	found	that	classifying	the	groups	(novice	

and	 expert).	 There	 were	 limitations	 in	 an	 unbalanced	 dataset	 (more	 novices	

available	 to	 recruit	 than	 expert	 nurses)	 and	 a	 power	 calculation	 was	 not	

something	 performed	 before	 recruitment	was	 underway.	 The	 justification	 for	

this	being	lack	of	previous	studies	to	base	calculations	on.	This	provides	some	

answer	to	the	two	research	questions	even	if	further	work	is	still	required.	

The	 second	 objective	 was	 done	 by	 the	 research	 presented	 in	 Chapter	 5.	 The	

higher-risk	 procedure	 was	 performing	 coronary	 angiography	 using	 a	 high-

fidelity	virtual	reality	simulator.	This	was	deemed	a	pilot	study	by	the	time	the	

research	study	began	as	it	was	acknowledged	that	recruitment	would	be	difficult	

to	achieve	(in	terms	of	high	numbers).	It	was	accepted	this	work	would	be	seen,	

should	 results	 show	 a	 relationship	 between	 eye	 gaze	 metrics	 and	 groups	 or	

performance,	 a	 piece	 of	 research	 to	 be	 built	 on	 in	 future	 work	 with	 more	

recruitment	 and	 more	 detailed	 data	 capturing	 scenarios.	 In	 the	 end,	 14	

interventionist	 cardiologists	 were	 recruited	 (7	 novices,	 7	 experts).	What	 was	

found	in	this	study	was	significant	differences	between	the	groups	using	the	eye	

tracking	metrics;	most	notably	the	dwell	%	and	fixation	%	spent	on	the	display	

screens	 as	 they	 performed	 the	 simulated	 procedure	 and	 so	 visual	 attention	

patterns	were	different	between	the	groups	here	as	well.	Unfortunately,	it	seems	

partially	due	to	the	lower	sample	numbers	(due	to	difficult	recruitment	in	this	

area),	 there	was	no	significant	evidence	of	eye-tracking’s	 link	 to	performance,	

which	 was	 based	 on	 operative	 errors.	 This	 study	 also	 provided	 incentive	 for	

further	work	in	the	area,	with	larger	sample	sizes,	larger	range	of	procedures	and	

using	more	 immersive	 settings.	 It	 also	 provided	 a	 research	 output	 in	 a	 peer-

reviewed	journal	article.		

Both	 of	 these	 studies	 and	 the	 results/analysis	 conducted	 on	 the	 basis	 of	 the	

research	 objectives	 discussed	 here,	 have	 also	 provided	 support	 for	 the	 two	

hypotheses	 declared	 in	 1.3.3	 by	 showing	 that	 eye	 tracking	 metrics	 are	 not	

independent	of	performance	at	a	task	and	that	they	also	can	be	used	to	classify	

characteristics	of	the	performer	(in	this	case	the	group	they	belonged	to,	based	

on	experience	level).	
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Despite	mentioned	 limitations	and	recognised	 future	work	 to	 take	 the	area	of	

research	on	further,	the	objectives	here	have	been	met.		
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6.3 Contributions	

6.3.1 Distinguishing	Between	Subjects	by	Eye	Tracking	
A	 body	 of	 evidence	 that	 eye	 tracking	 can	 be	 used	 for	 distinguishing	 between	

subjects	of	varied	characteristics	in	simulation-based	training	scenarios.	This	is	

demonstrated	by	two	collections	of	results:		

	

Eye	Tracking	Statistical	Analysis	and	Machine	Learning	Classification	of	Nurses	

Performing	Simulated	Patient	Vital	Signs	Monitoring	Training	Scenarios:	

What	 the	 work	 in	 Chapter	 3	 showed	 was	 that	 visual	 attention	 and	 the	

performance	level	for	reading	vital	signs	(measured	by	performance	score)	are	

not	 independent	of	each	other.	 In	3.3.5	results	show	correlation	between	eye-

tracking	 metrics	 and	 performance	 score	 and	 how	 significance	 testing	 shows	

differences	 in	 eye	 tracking	metrics	 between	 grades	 of	 performance,	 including	

first	fixation	duration	on	a	non-area	of	interest.	Eye	tracking	metrics	exclusively	

could	be	used	to	predict	a	person’s	performance	when	reading	vital	signs.	In	3.3.6	

a	multiple	 linear	regression	model	 is	presented	that	predicts	 the	performance	

score	using	62	of	101	available	recorded	eye-tracking	metrics,	achieving	only	a	

mean	square	error	of	1.2.	

What	the	work	in	Chapter	4	showed	was	that	classification	models	can	classify	a	

nurses’	level	of	experience	when	they	interpret	patient	vital	signs.	In	4.3.3.1,	we	

see	 good	 success	 in	 classify	 the	 group	 the	 participant	 belongs	 to	 (novice	 or	

expert)	based	on	their	eye	tracking	metrics	alone.	In	this	case	the	best	classifier	

was	 a	 logistic	 regression	 model	 using	 11	 eye-tracking	 metrics	 with	 a	 91%	

accuracy.	This	means	that	experts	with	much	more	experience	than	novices,	tend	

to	 have	 different	 eye	 gaze	 behaviours	 and	 patterns,	 which	 can	 be	 measured	

across	the	various	on-screen	objects	(the	areas	of	interest)	as	displayed	on	a	vital	

signs	screen.	

	

Eye	 Tracking	 Statistical	 Analysis	 of	 Interventionist	 Cardiologists	 Performing	

Simulated	Patient	Coronary	Angiography	Scenarios:	

The	 work	 in	 chapter	 5	 captured	 a	 unique	 dataset	 with	 psychophysiological	

metrics	along	with	a	novel	measurement	of	attentional	capacity	recorded	during	
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an	 important	 highly	 skilled	 clinical	 procedure.	 Most	 significantly,	 there	 were	

significant	 differences	 between	 groups	 been	 found	when	 using	 these	metrics;	

most	notably	in	5.3.3,	the	dwell	%	and	fixation	%	spent	on	the	display	screens.	

6.3.2 Unique	Data	Sets	
A	 novel	 and	 unique	 collection	 of	 data	 from	 the	 two	 main	 studies	 has	 been	

contributed.	One	of	the	contributions	made	in	this	thesis	is	the	unique	dataset	

captured	during	the	study	that	covers	Chapters	3	and	4.	To	recap,	this	dataset	

consists	of	58	participants	with	five	interpretations	in	each	performance,	which	

totals	(58	x	5)	290	 instances	of	attempted	tasks	whilst	recording	eye	tracking	

data.	Each	performance	recorded	is	accompanied	by	a	large	number	of	variables.	

These	 variables	 include	 performance	 measures	 for	 their	 clinical	 (bedside	

monitoring	 scenario)	 interpretation	 and	 a	 large	 number,	 101	 to	 be	 exact,	 of	

temporal	eye-tracking	metrics	recorded	during	the	interpretation.		

The	work	of	Chapter	5,	which	saw	eye	tracking	14	interventionist	cardiologists	

during	 simulated	 coronary	 angiography	 training	 scenarios	 also	 provided	 a	

unique	 dataset	 (2	 performances	 with	 each	 participant	 =	 28	 performances	 in	

simulated	coronary	angiography),	with	not	only	eye	tracking	recordings	but	also	

psychophysiological	data	(e.g.	continuous	heart	rate,	electrodermal	activity	etc)	

and	 the	 added	 attentional	 capacity	 test	 alongside	 those	 measurements	 –	 all	

whilst	performing	the	tasks.	Despite	the	sample	numbers	(n=14,	7	vs	7),	this	is	a	

significant	 collection	 in	 the	 area	 of	 surgical	 and	 medical	 simulation-based	

training	and	a	novel	use	of	the	Mentice	VIST	Simulator	[48]	to	collect	it	.	

	

6.3.3 Attentional	Capacity	
Attentional	Capacity	[7]	while	not	a	focus	of	the	thesis,	was	a	concept	used	and	

experimented	within	the	study	described	in	Chapter	5.	The	results	of	the	study	

for	 this	 component,	 in	 5.3.2	 had	 a	 strong	 correlation	 for	 the	 experts	 between	

operating	errors	and	their	attentional	capacity	test	core.		This	component	of	the	

experiment	has	added	knowledge	to	the	study	of	attentional	capacity	within	the	

areas	of	medical	training	and	simulation-based	training.		
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6.4 Limitations	

The	design	of	the	study	detailed	in	Chapter	3	and	how	we	perform	analysis	to	

draw	 conclusions	 has	 a	 limitation,	 as	 participants	 do	 not	 just	 interpret	 the	

scenarios	based	on	the	vital	signs	portion.		

It	 must	 also	 be	 acknowledged	 that	 the	 vignette	 primes	 their	 interpretation	

(before	they	even	set	eyes	on	the	vital	signs)	and	some	participants	may	have	a	

rule-based	process	that	they	already	have	set	in	motion	regardless	of	what	the	

vital	signs	show.		

Participant	 numbers	 were	 adequate	 to	 provide	 exploratory	 data	 analysis	

however	more	subjects	would	allow	for	more	statistically	significant	eye	tracking	

metrics.	More	participants	could	uncover	additional	patterns	 that	exist	within	

two	distinct	groups	or	the	performance	levels	we	define	here.		

An	additional	 limitation	 is	 the	 lack	of	 the	vignette	(on-screen)	during	the	vital	

signs’	interpretation.	However,	the	vignettes	represented	quite	short	cases,	and	

a	 key	observation	 is	 that	no	participant	 requested	 to	 see	 the	 vignette	 again	 –	

instead	relying	on	their	memory	(verbally	reminding	themselves)	when	needed.		

Statistically,	 some	 limitations	 must	 be	 acknowledged.	 Firstly,	 the	 number	 of	

significance	 tests	performed	presents	a	problem	of	Type	 I	error	 inflation.	The	

Bonferroni	Correction28	has	been	applied	to	adjust	the	alpha	value	for	inferring	

statistical	significance	(101	metrics:	a	=	0.0005)	and	is	acknowledged/presented	

in	the	results.	However,	arguments	have	been	made	against	applying	corrections	

in	 these	scenarios	 [140]	–	 that	 it	 is	 too	conservative,	 increases	 risk	of	Type	 II	

errors	 (which	 may	 be	 a	 more	 at	 risk	 scenario	 depending	 on	 the	

experiment/hypothesis)	and	more	generally,	that	providing	transparency	to	the	

reader	of	the	statistical	methods	used	(allowing	them	to	make	a	clear	conclusion)	

is	more	important	than	providing	a	correction	for	significance	testing.	Also	for	

the	statistical	model	there	is	a	potential	problem	if	attempting	to	interpret	the	

model	[141].		

	
28 https://en.wikipedia.org/wiki/Bonferroni_correction 
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For	 the	 work	 presented	 in	 Chapter	 4,	 the	 main	 limitation	 with	 this	 is	 that	 a	

considerably	unbalanced	dataset	 is	being	used	for	classification.	This	 is	due	to	

the	fact	that	there	are	significantly	more	novices	included	compared	to	experts.	

Adding	to	that,	the	number	of	observations	used	in	this	classification	study	is	not	

very	 typical	 of	 most	 machine/statistical	 learning	 tasks,	 with	 most	 using	

thousands	to	millions	of	observations.	A	total	of	200	observations	was	adequate	

to	make	an	attempt	to	see	what	potential	may	exist	for	these	metrics	but	further	

recruitment	with	more	data	collection	will	always	be	the	goal.	

	

For	the	final	results	in	chapter	5,	an	immediate	limitation	is	that	despite	the	high-

fidelity	of	the	laboratory	and	virtual	reality	simulator,	this	data	was	not	recorded	

in	a	real	clinical	environment	with	a	real	patient.	The	low	sample	numbers	while	

understood	 (feasibility	 of	 gathering	 data	 from	 numerous	 extremely	 busy	

operators	to	partake	in	a	study	during	a	three-month	period),	hinder	what	can	

be	inferred	from	the	results.		

Also,	 we	 must	 acknowledge	 that	 there	 was	 no	 baseline	 psychophysiological	

measurement	of	 the	participant	before	 the	session.	For	example,	context	 for	a	

participant	that	was	stressed	already	is	not	considered	or	that	some	participants	

may	have	been	eager	 to	 leave	within	a	certain	 time,	having	a	rushed	effect	on	

their	final	procedure	attempt.	
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6.5 Preliminary	Studies	

6.5.1 VitalSimML	–	Capturing	Patient	Monitoring	Scenarios	

An	initial	literature	search	suggested	that	there	is	a	gap	in	the	literature	for	an	

open	format	for	capturing	patient	monitoring	scenarios.	A	system	like	this	would	

enable	 instructors	to	build	bespoke	scenarios	which	could	be	visualised	into	a	

simulated	 computer-based	 scenario.	 A	 more	 thorough	 literature	 review	 was	

conducted	for	simulation-based	training	in	patient	monitoring.	The	key	search	

terms	 were	 patient	 monitoring,	 healthcare	 simulation,	 e-simulation,	 patient	

safety	and	virtual	patient.	Twenty	patient	monitoring	scenarios	were	identified	

(provided	by	nursing	experts	at	Ulster	University	and	literature	on	critical	care	

nursing)	and	analysed	(using	thematic	analysis)	for	the	required	elements.	

By	using	the	scenarios	in	patient	monitoring	we	developed	a	well-formed	data	

structure	using	the	XML.	XML	has	previously	been	used	for	capturing	scenarios	

in	other	projects	however	limitations	were	noted	in	these	cases.	It	was	designed	

for	 the	 entire	 spectrum	 of	 medical	 education	 (which	 left	 the	 medical	 staff	

involved	unsure	about	its	specific	use).	Drawing	from	this,	it	can	be	argued	that	

a	specific	data	structure	designed	for	a	specific	training	area	is	likely	to	be	more	

effective	in	creating	software	training	scenarios.	A	tailored	structure	will	be	more	

accessible	 to	 healthcare	 staff	 and	 educators	 (and	 therefore,	more	 likely	 to	 be	

used).	 The	 data	 structure	 has	 been	 named	 VitalSimML	 and	 its	 elements	 and	

attributes	have	been	illustrated	in	Appendix	A.	The	goal	is	to	provide	a	structure	

that	 captures	 as	 much	 data	 as	 possible	 for	 a	 simulated	 patient	 monitoring	

scenario,	without	allowing	it	to	become	bloated	and	lacking	focus.	An	attempt	has	

been	made	to	capture	as	much	‘state’	data	within	element	attributes	as	possible.	

This	will	leave	room	for	textual	explanations	(or	interpretations)	as	string	data	

within	the	element	body,	provided	by	the	author	of	the	monitoring	scenario.	

VitalSimML	could	be	used	 to	 capture	 scenarios	 that	 could	augment	 intelligent	

software	 to	 provide	 simulation-based	 training.	 A	 software	 interface	 could	

provide	a	configuration	of	the	parameters	for	the	scenario	and	then	generate	the	

valid	XML	file.	Visualization	of	the	displaying	monitor	could	be	presented	using	

Scalable	Vector	Graphics	(SVG)	or	other	suitable	technology.	This	example	would	
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allow	 a	 practical	 device-agnostic	 simulation	 on	 any	 screen	 and	 the	 captured	

physiological	data	would	replicate	a	bedside	monitor.	Future	work	would	include	

implementation	of	a	software	interface	(scenario	builder)	that	allows	a	user	to	

build	their	own	scenarios	using	nursing	expertise	using	VitalSimML	as	validation.		

	

This	work	was	presented	at	Computing	in	Cardiology,	2015.	

6.5.2 Trainee	Nurse	Questionnaire	

In	 addition	 to	 the	 study	 presented	 in	 both	 Chapter	 3	 and	 Chapter	 4,	 a	

questionnaire	was	provided	to	a	number	of	trainee	nurses	to	gather	their	views	

on	various	parts	of	the	training,	with	specific	focus	on	patient	monitoring	and	any	

simulation-based	training.	The	full	questionnaire	is	available	in	Appendix	C.		

This	 work	 as	 of	 today	 has	 not	 been	 expanded	 upon	 but	 nevertheless,	 the	

preliminary	results	did	provide	some	insight	to	the	thinking	of	student	nurses.	

This	could	be	potentially	used	to	develop	a	study	in	this	area	of	simulation-based	

training	for	developing	nurses.		

In	general	(most	common	answers),	the	144	trainee	nurses	that	responded	to	the	

questionnaire:	

(1) Thought	that	patient	monitoring	was	very	important	(10/10)	

(2) Rated	themselves	a	7	for	competency	in	the	duty	

(3) Rated	themselves	an	8	for	confidence	in	reading	vital	signs	monitors.	

(4) Also	rated	themselves	an	8	for	measuring	vital	signs	of	patients.	

(5) Again,	gave	themselves	an	8	for	confidence	of	document	the	vital	signs.	

(6) 83%	 had	 taken	 a	 class	 or	 course	 that	 involves	 simulation-based	

training.	

(7) Agreed	 strongly	 (10/10)	 that	 nurses	 benefit	 from	 simulation-based	

training.	

(8) Showed	a	preference	for	the	use	of	standardised	patients	and	manikin	

simulators	but	the	majority	did	not	prefer	computer-based	simulation.		

(9) When	 asked	 how	 often	 they	 would	 use	 a	 computer/screen-based	

simulator	 for	 training	 if	 they	 could,	 the	 most	 common	 answer	 was	

weekly.	
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(10) Finally,	 for	 their	 preferences	 of	 device	 of	 said	 simulator,	

computer/laptop	 and	 phones	 were	 preferred,	 over	 the	 tablet	 form	

factor.		

Of	course,	the	most	interesting	thing	to	note	from	those	preliminary	results	is	the	

lack	 of	 interest	 in	 computer-based	 simulators.	 Perhaps	 indicative	 of	 the	 bad	

experiences	or	poor	fidelity	found	with	these	in	their	training.	

	



185	
	

6.6 Future	Work	

Eye	 tracking	 data	 collection	 and	 analysis	 performed	 in	 work	 described	 in	

chapters	3	and	4	could	be	expanded	to	include	an	array	of	ward	objects,	including	

a	bed	with	either	an	actor	or	manikin	like	a	similar	recent	study	[11].		

Using	 mobile	 eye	 tracking	 solutions	 (glasses)	 to	 capture	 not	 only	 the	 verbal	

output	 but	 the	 actions	 taken	 by	 nurses	 would	 be	 a	 more	 complete	 study	 to	

undertake.	The	use	of	mobile	tracking	is	becoming	feasible	from	a	technological	

and	affordability	perspective	and	could	 indeed	enhance	 the	 state	of	 the	art	 in	

human	computer	interaction.		

Further	 statistical	 analysis	 will	 be	 performed	 on	 the	 dataset	 that	 we	 have	

collected	in	the	study.	This	includes	principal	component	analysis	to	reduce	the	

dimensionality	on	both	the	entire	feature	set	collected	from	all	scenarios	and	the	

individual	scenarios	interpreted.		

Qualitative	analysis	will	also	take	place	in	the	form	of	thematic	analysis	on	the	

verbal	recordings	of	each	participant.		

We	could	also	increase	the	size	of	the	subset	of	observations	(interpretations)	by	

removing	the	recording	quality	criteria	and	simply	relying	on	patterns	to	persist	

despite	missing	eye	tracking	data.	

Finally,	expert	interpretations	comprise	of	only	22.5%	of	the	dataset.	While	that	

is	 sufficient	 in	 some	 cases,	 the	 potential	 for	 further	 insight	 and	 superior	

classifiers	likely	relies	on	recruitment	of	these	experts.	The	experimental	design	

can	also	be	expanded	to	include	full	ward	scenarios,	with	all	objects	tracked	and	

measured.	 Future	 work	 will	 also	 involve	 using	 class	 balancing	 techniques	

through	the	use	of	synthetic	data	via	under	sampling	or	oversampling	(or	indeed	

a	mixture	of	both).	
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For	the	work	in	Chapter	5,	potential	improvements	or	changes	to	any	future	work	

are	 noted.	 	 Some	 metrics	 almost	 statistically	 discriminate	 between	 the	 two	

groups	but	perhaps	lack	significance	due	to	the	low	sample	numbers	(p<0.20).		

Future	 studies	 attempting	 a	 similar	 experimental	 set	 up	 should	 consider	 the	

length	of	 time	provided	 to	participants	 for	practice	and	 familiarising	with	 the	

surgical	simulator.	This	would	reduce	the	confounder	of	computer	literacy	and	

learning	a	new	user	interface.		

For	further	testing	of	the	stimulus	card	task,	other	metrics	such	as	mean	Saccade	

Latency	 (ms)	 specific	 to	 the	 stimulus	 card	 (from	 the	 moment	 it	 appears	 on	

screen)	to	the	moment	it	is	acknowledged	may	follow	in	future	work	–	this	would	

be	 a	more	 precise	measurement	 of	 attentional	 capacity	 in	 comparison	 to	 the	

rudimentary	count	of	correctly	acknowledging	the	card.		

Looking	 beyond	 the	 simulation	 laboratory	 setting,	 capturing	

psychophysiological	metrics	and	measurements	 in	a	real	clinical	environment,	

while	still	running	a	simulation	would	add	to	the	validity	of	the	data	captured.	In	

the	case	of	this	procedure,	using	a	simulated	operator	room	with	full	immersion:		

leads,	 scrubs	 and	 a	 theatre	 team	 to	 support	 the	 participant.	 This	 could	 drive	

larger	differences	between	genuine	novices	and	experts.		
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6.7 Conclusions	
This	 body	 of	 work	 provides	 the	 first	 ever	 capturing	 of	 visual	 attention	

measurements,	 from	 a	 set	 of	 nurses	 (with	 varying	 experience	 and	 expertise)	

while	 reading	 and	 interpreting	 from	 a	 simulated	 vital	 sign	monitor.	 The	 data	

collected,	specifically	the	data	analysis	of	eye	tracking	metrics,	has	shown	that	

visual	 attention	 and	 the	 performance	 level	 for	 this	 specific	 task	 are	 not	

independent	of	each	other.	Put	differently,	eye	tracking	metrics	exclusively	could	

be	used	to	predict	a	person’s	performance	when	reading	vital	signs.	At	present,	

we	can	conclude	that	there	is	a	relationship	between	eye	tracking	metrics	and	

performance	that	can	be	seen	but	it	is	unclear	to	what	extent	and	what	reliable	

accuracy	they	can	predict	performances.	

The	work	also	contributes	the	knowledge	that	classification	models	can	classify	

a	nurses’	level	of	experience	when	they	interpret	patient	vital	signs.	A	subset	of	

metrics	from	eye	tracking	data	that	collectively	describe	eye	gaze	behaviour	as	

predictors	can	accurately	classify	the	interpreter	as	a	novice	or	expert.	Meaning,	

that	experts	with	much	more	experience	than	novices,	tend	to	have	different	eye	

gaze	 behaviours	 and	patterns,	which	 can	be	measured	 across	 the	 various	 on-

screen	objects	(the	AOIs)	as	displayed	on	a	vital	signs	screen.	This	could	have	

future	implications	for	not	only	training	and	assessment	with	trainees,	but	these	

algorithms	could	be	used	for	on-ward	real-time	assessment	and	monitoring	in	a	

‘smart	ward’	to	improve	patient	safety.	

As	well	 as	 these	 contributions,	 this	work	 contributes	 to	 the	 future	 of	 sensor-

based	smart	 theatres	and	 the	 ‘quantified	physician’	 for	assessing	 trainees	and	

operators	 and	 to	 perhaps	 provide	 ongoing	 automated	 analytical	 feedback	 to	

individuals	and	teams	to	drive	performance.		

As	a	 final	word	 -	eye	 tracking	as	a	 technology	and	 tool,	beyond	 its	other	uses	

today,	is	a	unique	and	significant	development	in	measuring	performances	and	

characteristics	 of	 trainees	 or	 subjects	 in	 a	 healthcare	 training	 programme.	

Computer-based	 simulation	 (or	 screen-based	 simulation)	 provides	 a	 prime	

opportunity	 to	 augment	 eye-tracking	 technology	within	 the	 process.	Whether	

that	is	to	train	or	perform	assessment	the	subject	it	is	recording	–	there	is	a	value	

to	be	uncovered	in	the	measurements	and	metrics	that	we	can	export	from	the	

powerful	technology.	 	
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The	 following	 posters	 presented	 at	 the	 different	 academic	 conferences	

mentioned	 are	 shown	 (beginning	 with	 the	 first	 contribution	 presented	 in	

September	2015).	

	

	

VitalSimML - A well formed data structure to capture patient 
monitoring scenarios to facilitate the training of  nurses via 
computer based simulation 
 
Jonathan Currie, Raymond R. Bond, Paul McCullagh, Pauline Black, Dewar D. Finlay 
 
Ulster University, Jordanstown, Northern Ireland, United Kingdom 

Background!
Patient monitoring is a critical nursing duty that has patient safety implications when sub-optimally performed [1]–[4]. Research shows that not all nurses record and 
interpret patient vital signs correctly or frequently [5]. One identified factor for this lack of  competency is the knowledge and decision-making skill of  the individual [6]. A 
safe method of  combating a low level of  competency is using simulation-based training [7]–[9] given it poses no harm to any living patient. It should also allow the trainee 
to frequently rehearse clinical scenarios until adequate competency is achieved. This training could be delivered via an intelligent software-based solution [10][11] and an 
open human/machine readable data format can (1) help capture and distribute scenarios (2) share the scenarios and (3) control a dynamic software or virtual reality system 
[12]. However, there is a gap in the literature for an open format for capturing patient monitoring scenarios. This format would allow instructors to build bespoke 
scenarios that would be parsed and visualized into a simulated scenario using software. Clinical staff  could use the software for both training and assessment. 

Methods 
A literature review was conducted for simulation-based 
training in patient monitoring. The key search terms 
were: patient monitoring, healthcare simulation,  
e-simulation, patient safety and virtual patient.  
Twenty patient monitoring scenarios were identified and 
analyzed (thematic analysis)   for the common elements 
that are required to simulate a monitoring scenario for 
trainees. Mostly the results of  this analysis is seen under 
the elements VitalSigns, Demographics and Vignette but 
PhysicalCharacteristics has a different yet useful purpose 
(for presenting an accurate representation of  the patient 
on-screen) in simulation-based training. 

Figure 1: VitalSimML overview 

Figure 2: Fundamental software use for VitalSimML 
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Results 
Using the scenarios in patient monitoring we developed a well-formed 
data structure using the eXtensible Mark-Up Language (XML). XML 
has previously been used for capturing scenarios in other projects [12], 
[13].  The data structure has been named VitalSimML and has been 
illustrated in Figure 1. It is also envisaged that the data structure can be 
used at a fundamental level with a software interface (see Figure 2 for 
illustration) to produce training simulations that can be adapted, 
exchanged and visualised with Scalable Vector Graphics (SVG) to 
simulate a real-life patient monitoring scenario. 

Scenario 
Builder 
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• Patient Monitoring is a key duty of nursing [1] and the

competency of nurses in this role is increasingly under scrutiny in

healthcare [2][3].

• The training of nurses plays a key role in how this duty is

performed and subsequently what level of care is achieved in

each ward [4].

• A gap identified is a lack of formal consensus for what a

competent nurse should be looking at during an interpretation of a

specific monitoring scenario.

• Eye-Tracking technology is a tool for collecting data on a person’s
visual attention and is suitable for psychological and physiological

studies (e.g. reading and psychological response studies).

• The data captured can provide us a number of statistics regarding

the participant’s interaction with stimuli (e.g. the time taken to first

fixation, the total number of fixations, the total duration of all

fixations etc.)

• Eye-Tracking technology has been used in previous healthcare

related studies, with surgery [5-7], situational awareness [8][9]

and even reading healthcare documents [10].

• This study hypothesises that eye gaze metrics can be used to

infer the competency of nurses when interpreting clinical bedside

monitors.

• We expect this data when analysed will show quantitative

differences that distinguish users as experts, competent and

lacking competency.

• The captured data can be transformed into metrics for

determining proficiency whilst reading and interpreting vitals signs

on a bedside monitor.

• These eye gaze metrics could be used within patient monitoring

training as another form of assessment in a simulated

environment.

Introduction

Using Eye-Tracking Technology to 
Capture Visual Attention during 

Interpretation of a Simulated Bedside 
Monitor

Jonathan Currie, Raymond R Bond, Paul McCullagh, Pauline Black, Dewar D Finlay
Ulster University, Jordanstown, Northern Ireland, United Kingdom

Data Collecting Technology

Tobii X60 Eye Tracker Empatica E4 Wristband

• Visual Attention (Pathways and Metrics)
• Audio Recording of Interpretation
• Heart Rate
• Galvanic Skin Response

• Confidence of Each Interpretation (1-10)
• Perceived Cognitive Load during session 

(using NASA-TLX) 

Visual Stimulus

Data Collected

Method

References

23rd October, 2015 - Dublin

• A PhD study has been designed using the Tobii X60 Eye

Tracker hardware and software, to capture the eye gaze and

scan-path of nurses with mixed levels of expertise (nursing

undergraduate to practicing nurses).

• The nurses will also wear Empatica’s E4 Wristband device

which can accurately measure heart rate and galvanic skin

response (among other physiological measurements).

• The study will consist of five scenarios with a text briefing, which

is followed by a 60 second recording of the related vital signs

monitor.

• During this recording, they will verbalise their interpretation and

they will be given a score according to set criteria (validated by

nursing experts at Ulster University).

• They will be asked to self-report their confidence in their

interpretation after each scenario (scale of 1-10).

• Once all five have been completed they will fill out a NASA-TLX

(task load index) survey to report their perceived cognitive load

during the interpretations.

Participant POV
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1. To confirm the relationship between AC and CP.  
2. To confirm the relationship between VA and AC. 

We believe that with these proven, a huge impact can be made with 
training, objective assessment and ultimately it will save lives.  

Secondary concerns are with the full body of psychophysiological 
measurements, including eye tracking, heart rate variability, electrodermal 
activity and also the verbal recordings (transcribed), hi-def camera 
recordings, the simulator metrics and more.

We want to test the participants AC whilst they perform a procedure on the 
simulator. The simulator is one of the highest fidelity simulators in all of medicine.  

We will test their AC by asking them to pay attention to another screen 
(supplementary monitor) which displays single playing cards at timed intervals. For 
each performance, we will ask them to respond to a specific card that appears. See 
Figure 1 as an example. 

Location: ASSERT Centre, University College Cork. 

Simulator: Mentice VIST-Lab G5 simulator (Figure 2-A).  

Participants: Two groups (1) registrars and (2) consultants.  
Card Setup: Based on Smith’s [6] 1992 paper on memory recall and for both tasks 
we have semi-randomised the order of the trigger card for the participant to 
acknowledge. Explicitly, a trigger card (they verbally acknowledge) will appear once 
every 20s for 2s and the order in which it appears changes [within that 20s block] 
based on a randomised integer between 1-10. This should avoid any intuitive recall 
for when the card is coming again - requiring them to continually check the screen 
to perform the task.  

The protocol consists of the following: 

1. Participant enters room, reads info sheet and signs consent form. 

2. Participant demographic information taken.   

3. Each participant is shown how the simulator operates and given up to 30 
minutes to practice simulated coronary angiography using a similar case. This 
is their opportunity to ask questions and become comfortable with the 
simulator. They are told the case will involve simple investigation and they are 
requested to take nine radiographer views listed to them on paper on the 
simulator bench. 

4. After practice, they are fitted with a monitoring wristband (Figure 2-C) and eye 
tracking glasses (Figure 2-B). 

5. First Performance: perform a new case and when they observe the ‘Ace of 
Clubs’, acknowledge it verbally with the word ‘club’. 

6. Second Performance: perform same case (repeat) but when they observe the 
‘Queen of Hearts’, acknowledge it verbally with the word ‘heart’. 

Attentional Capacity & Clinical Performance
Eye Tracking Cardiologists Performing Simulated Coronary Angiography

1Jonathan Currie, 1Raymond R. Bond, 1Paul mccullagh, 2Pauline Black, 3Dewar d. Finlay,  
4Stephen Gallagher, 5Aaron Peace, 6Peter Kearney, 7Anthony G. Gallagher

1School of Computing & Mathematics, 2Nursing, 3Engineering and 4Psychology, Ulster University 
5Clinical Translational Research and Innovation Centre, Altnagelvin Area Hospital 

6Cardiovascular Division, Cork University Hospital 
7ASSERT Centre, University College Cork

Patient safety is the significant driver of medical and healthcare training 
improvements since Kohn’s 2000 paper, ‘To Err is Human’ [1]. Proficiency-
based Progression (PBP) with Simulation-based Training (SBT) in general 
surgery has demonstrated significantly to improve Clinical Performance 
(CP) and reduce intra-operative errors in comparison to conventional 
training [2]. Eye tracking features from Visual Attention (VA) have recently 
been shown to discriminate between novices and experts in surgical 
settings [3-5]. The link between CP and Attentional Capacity (AC) [6] as 
well as the accompanying VA characteristics during surgical simulation, is 
yet to be analysed. Quantitatively demonstrating that these relationships 
exist would provide good cause for developing the application of eye 
tracking further, into a cost-effective component of trainee assessment 
during SBT for evaluation of effective skills learning and CP.  

Background

Methodology

Figure 2 - (a) Mentice Vist-Lab g5 Simulator (B) Tobii 
Eye Tracking Glasses (C) Empatica E4 EDA/GSR 
Wristband

Eye Tracking Glasses

Hi-Def Camera

Laptop Running Card Slideshow

Mentice VIST Lab G5: Main Simulator Screen

Figure 1 - Participant performing task with wearable technology
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Appendix	B. Eye	Tracking	the	Visual	Attention	of	Nurses	Interpreting	Simulated	
Vital	Signs	Scenarios:	Study	Details	and	Materials	

	

	

In	order	of	appearance:	

(1) Ulster	University	RG1a	 ethics	 application	 (provided	 to	Research	Ethics	

Filter	Committee).	

(2) Ulster	 University	 RG2	 Peer	 Review	 of	 ethics	 applications	 (provided	 to	

Research	Ethics	Filter	Committee).	

(3) Research	Protocol	submitted	as	part	of	ethics	application.	

(4) Training	 Scenario	 Vignettes	 and	 Criteria	 for	 Assessment	 that	 were	

developed	prior	to	application	(Noted	as	Appendix	A	of	application).	

(5) Recording	session	form	(Noted	as	Appendix	B	of	application).	

(6) Participant	Information	Sheet	and	Consent	Form.	
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Appendix	C. Nurses	in	Training	and	Patient	Monitoring	Simulation	–	
Questionnaire	Materials	

	

In	order	of	appearance:	

(1) Information	Sheet	and	Consent	Form	

(2) Questionnaire		

(3) Research	Protocol	(Provided	to	Ulster	Research	Ethics	Filter	Committee)		

(4) Ulster	 University	 RG1a	 Form	 –	 Application	 for	 Ethics	 (Provided	 to	

Research	Ethics	Filter	Committee)	

(5) Ulster	University	RG2	Form	–	Peer	Review	of	Application	 (Provided	 to	

Research	Ethics	Filter	Committee)	
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Appendix	D. 	Wearable	Technology-Based	Metrics	for	Predicting	Operator	
Performance	During	Cardiac	Catheterisation:	Study	Details	and	

Materials	

	

	

	

In	order	of	appearance:	

(1) Ulster	University	RG1a	 ethics	 application	 (provided	 to	Ulster	Research	

Ethics	Filter	Committee).	

(2) A	letter	of	invitation	from	ASSERT	Centre	at	University	College	Cork	(UCC)	

to	collaborate	and	conduct	the	study.	

(3) University	College	Cork	Ethics	Application.	

(4) Research	Protocol	provided	to	ethics	committee.	

(5) Information	 Sheets	 for	 each	 participant	 type	 and	 subsequent	 consent	

form.	

(6) CV	of	Chief	Investigator	Prof.	Anthony	G.	Gallagher	of	ASSERT	Centre,	UCC	

(required	as	part	of	the	UCC	ethics	submission).	

(7) Email	chain	confirm	approval	of	ethics	and	application	for	study.	

(8) Official	letter	confirming	ethics/study	approval	by	UCC.		

(9) Form/Document	used	to	record	participant	demographic	data.	

(10) The	official	dates	and	times	for	recording	each	participant.	

(11) The	form/document	used	to	record	participant	performance.	
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Participant Demographic Record

Participant No:

Group (A=Trainee, B=Trainer):

Age:

Sex (M/F):

Left/Right Handed (L/R):

Years Experience in Cathlab Environment:

No. of Coronary Angiograms Performed
(Within last 12 months):

Previous VIST Experience:

Previous VR Training Experience:

13/09/2016 Version:  1.0
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• 21/09/16 
• Participant 1. Arrived at ~3:45pm. Finished at ~5:45pm.

• 22/09/16
• Participant 2. Arrived at ~9:45am. Finished at ~11:45am.

• Participant 3. Arrived at ~3:45pm. Finished at ~5:45pm.

• Participant 4. Arrived at ~6:15pm. Finished at ~8:30pm.

• 23/09/16
• Participant 5. Arrived at ~1:00pm. Finished at ~2:15pm.

• 24/09/16
• Participant 6. Arrived at 12:30pm. Finished at ~2:00pm.

• 28/09/16
• Participant 7. Arrived at ~1:00pm. Finished at ~2:45pm.

• Participant 8. Arrived at ~3:45pm. Finished at ~4:45pm.

• Participant 9. Arrived at ~5:30pm. Finished at ~7:00pm.

• 29/09/16
• Participant 10. Arrived at ~10:00am. Finished at ~11:15am.

—-

• 3/10/16
• Participant 11. Arrived at ~4:00pm. Finished at ~5:00pm.

• Participant 12. Arrived at ~6:45pm. Finished at ~7:45pm.

• 6/10/16
• Participant 13. Arrived at ~1:00pm. Finished at ~3:00pm. 

• 8/10/16
• Participant 14. Arrived at ~10:30am. Finished at ~11:30am.
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Participant No: Date:

Participant Performance Notes

NOTES:

Performance Personal Rating of 
Performance (1-10)

Trigger Cards 
Verbally 
Acknowledged

Trigger Cards 
Presented
(Available to acknowledge during 
performance)

1
Coronary Angiography Case 105
+ 
Card Task One (Ace of Clubs)

2
Coronary Angiography Case 105
+
Card Task Two (Queen of Hearts)

13/09/2016 Version: 1.0
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