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Abstract	

	

This	thesis	presents	a	study	that	aims	to	develop	a	unified	framework	for	the	design	of	

production	 systems	 for	 the	 mass	 personalisation	 of	 skin-care.	 It	 addresses	 the	

application	of	machine	learning	and	more	specifically	supervised	learning	techniques	

in	customisation	of	cosmetic	formulations	through	personalising	their	ingredients.	The	

proposed	 framework	 takes	 into	 consideration	 the	 limitations	 associated	 with	 data	

gathering	 through	 medical	 trials	 and	 proposes	 solutions	 to	 maximise	 knowledge	

acquisition	 from	 the	 valuable	 biomedical	 data.	 It	 also	 rectifies	 the	 shortfalls	 of	 the	

expert	systems	that	are	often	used	for	personalisation	of	medical	and	dermatological	

products.	 The	 framework	 incorporates	 a	 main	 production	 unit	 that	 employs	 a	

supervised	learning	agent	to	gain	knowledge	through	learning	the	connection	between	

human	 skin-profile	 and	 ingredients	 of	 personalised	 skin-care	 products.	 After	 its	

training	 stage,	 the	 unit	 is	 able	 to	 produce	 personalised	 skin-care	with	 an	 accuracy	

proportionate	to	its	initial	knowledge	source.	

	The	 thesis	 also	 introduces	 an	 adaptation	unit	 to	 further	 improve	on	 the	 generated	

skin-care	 formulations	 by	 incorporating	 the	 product	 feedback	 provided	 by	 the	

patients.	To	do	so,	a	novel	 iterative	 feedback	 learning	 technique	 is	 introduced.	This	

technique	utilises	an	independent	supervised	learning	agent	to	recognise	the	relation	

between	the	patients’	skin-profile,	formulations	and	provided	feedback.	It	adjusts	the	

levels	of	ingredients	in	the	produced	formulations	to	generate	more	effective	versions	

and	to	acquire	more	favourable	feedback	from	the	patients.	

The	framework	introduces	the	concept	of	knowledge	transfer	from	the	adaptation	unit	

to	 the	 main	 production	 unit	 to	 improve	 its	 knowledge	 of	 personalised	 skin-care	

products	 through	 incremental	 learning.	 The	 system	 built	 under	 this	 framework	

requires	initial	supervision	and	training.	However,	it	is	able	to	self-update	by	utilising	

patients’	feedback	after	the	initial	training	stage.	The	thesis	introduces	multiple	task	

groups	 to	 evaluate	 modules	 of	 the	 proposed	 framework	 and	 the	 introduced	 novel	

techniques.	The	task	groups	show	constant	improvement	in	generated	formulations	by	

utilising	the	proposed	adaptation	module.	Up	to	32%	improvement	has	been	reported	

in	 the	 accuracy	 of	 the	 formulations	 only	 after	 receiving	 three	 feedbacks	 from	 the	

patients	 for	 their	 favourite	 skin-care	 products.	 Additionally,	 the	 impact	 of	 different	

types	of	skin-measurements	on	the	generated	formulations	is	investigated	in	this	work.		 	
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1.1 Overview	
This	chapter	outlines	the	significance	of	the	dermatological	and	skin-care	industry,	in	

particular	for	elderly	populations	as	both	a	remedy	and	a	significant	economic	force	in	

the	global	market.	It	also	signifies	the	impact	of	precisely	designed	solutions	for	severe	

skin	conditions	and	the	costs	associated	with	them	and	as	a	result	the	growth	in	self-

diagnosis	of	skin	conditions	and	people’s	tendency	to	purchase	off-the-shelf	skin-care	

products.		

The	 chapter	 also	 describes	 the	 process	 and	 open	 issues	 associated	 with	 the	

development	of	intelligent	systems	in	biology,	medicine	and	dermatology.	It	introduces	

intelligent	 systems	 as	 an	 outcome	 of	 the	 Artificial	 Intelligence	 (AI)	 research	 field,	

summarising	these	systems’	history	and	use	cases.	It	specifically	focuses	on	systems	

associated	with	producing	precisely	designed	products	 for	 large	populations	with	a	

fraction	of	the	cost.	

The	chapter	discusses	the	limitations	associated	with	the	collection,	maintenance	and	

analysis	of	the	biomedical	data	gathered	through	medical	trials,	specifically	feasibility	

of	 using	 this	 data	 to	 train	 intelligent	 systems	 for	 personalisation	 of	 products.	

Additionally,	it	discusses	the	importance	of	this	study	in	enhancement	of	the	current	

medical	and	dermatological	expert	systems	that	are	widely	used	in	prototypes	in	these	

sectors.	

Finally,	 the	 chapter	 outlines	 the	 goals	 of	 the	 research	 and	 its	 contribution	 to	

knowledge.	An	overview	of	the	thesis	is	also	presented	at	the	end	of	the	chapter.	

	

1.2 Skin-care	industry	
The	skin-care	industry	is	a	significant	economic	force	and	its	market	value	is	estimated	

at	180	billion	dollars	globally	by	2024	(Mackie	&	Sim,	2018).	The	annual	spend	in	the	

UK	skincare	market	per	head	is	estimated	to	be	£447	and	the	market	value	forecast	is	

£26.7	billion	by	2022	according	to	GlobalData,	a	leading	data	and	analytics	company	

(GlobalData,	2018).	The	skincare	market	is	growing	much	more	rapidly	in	recent	years	

due	to	greater	awareness	about	its	effects	on	personal	health,	the	broadening	global	

distribution	of	ingredient	suppliers	and	people's	increased	spending	power	especially	

for	health	and	wellbeing	products.	

Skin	changes	induced	by	ageing	are	essential	and	noticeable,	hence	an	irritating	aspect	

in	the	elderly	population’s	lives.	The	economic	significance	of	the	elderly	population	is	

dramatically	increasing	in	the	EU	in	recent	years.	Off	the	shelf	and	conventional	skin	
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care	products	are	proficient	at	partially	coping	with	the	symptoms	of	ageing.	However,	

they	are	restricted	to	defending	the	skin	from	inflammation,	microbes,	irritation	and	

ageing-related	alterations	(Maupin,	2018;	Myers	et	al.,	2015)	On	the	other	hand,	skin	

care	products	that	are	essential	for	more	critical	skin	conditions	or	skin	diseases	need	

to	be	explicitly	prescribed	or	created	for	the	patients	by	dermatologists.	Also,	to	create	

a	skin	care	product	it	is	essential	to	have	knowledge	of	an	individual’s	skin	type	and	

characteristics.	A	recent	study	by	Statista	(Statista,	2018)	shows	that	less	than	10%	of	

US	consumers	see	a	dermatologist	to	help	diagnose	their	skin	condition	and	instruct	

them	to	solve	their	skin	concerns	or	choose	the	right	product.	This	indicates	that	the	

majority	of	consumers	are	choosing	their	skin-care	products	by	self-diagnosing	their	

own	skin	condition	and	skin	type	and,	only	if	motivated,	investigating	a	skin	product’s	

active	ingredients.	This	can	lead	to	consumers	selecting	the	wrong	product	that	could	

lead	to	skin	reactions	or	not	fully,	if	at	all,	remedy	a	skin	condition.	

This	study	aims	at	rectifying	the	issue	of	self-diagnosis	and	bringing	the	effortless	and	

precise	skin	condition	determination	to	the	masses	by	using	data	driven	approaches	

and	to	also	deliver	personalised	skin-care	for	large	populations.	The	study	also	aims	at	

preventing	 costly	dermatologist	 visits	 for	 simpler	or	 routine	 conditions/checks	and	

reducing	 the	 time	 between	 diagnosis	 and	 production	 by	 instantly	 linking	 the	 skin	

conditions	to	skin-care	products’	ingredients	and	creating	the	best	formulations	for	a	

skin	profile.	

	

1.3 Artificial	intelligence		
Artificial	intelligence	(AI,	also	known	as	computational	intelligence),	emphasises	the	

concept	of	intelligent	systems	which	can	think,	decide	and	act	like	humans	(S.	Russell	

&	Norvig,	2009).	In	computer	science,	AI	is	characterised	as	studying	intelligent	agents.	

An	intelligent	agent	is	a	system	that	is	capable	of	understanding	its	environment	and	

taking	actions	to	maximise	 its	chance	of	successfully	accomplishing	 its	goals	(Poole,	

Mackworth,	&	Goebel,	1998).	Generally,	when	a	machine	mimics	the	perception	and	

cognition	functionality	associated	with	the	human	mind,	AI	applies.	This	includes	the	

capacity	 for	 abstract,	 inventive	 and	 deductive	 thought	 and	 especially	 the	 ability	 to	

learn	using	the	computer’s	logic.		

Two	distinct	and	competing	paradigms	are	currently	known	in	the	AI	research.	The	

symbolic	 or	 top-down	method	 (A.	Newell	&	 Simon,	 1976)	 and	 the	 connectionist	 or	

bottom-up	 method	 (Rumelhart	 &	 McClelland,	 1986;	 Smolensky,	 1988).	 The	
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connectionist	approach	aims	to	simulate	the	biological	structure	of	the	human	brain.	

This	method	creates	artificial	neural	networks	as	a	reproduction	of	the	human	brain	

structure.	

On	the	other	hand,	the	traditional	symbolic	paradigm	aims	at	creating	models	able	to	

analyse	symbols.	The	computation	 in	 the	symbolic	approaches	 is	mainly	performed	

based	on	specific	 representations	 including	various	symbols	organised	 in	particular	

ways.		

As	of	now,	no	paradigm	can	thoroughly	address	all	 the	needs	of	AI.	Both	paradigms	

have	their	advantages	and	disadvantages.	While	a	paradigm	can	be	beneficial	for	one	

task	the	other	may	fall	short.	

Research	 and	 study	 in	 AI	 are	 currently	 divided	 into	 two	main	 categories.	 The	 first	

category	is	known	as	"applied	or	specialised	AI"	(Proudfoot	&	Copeland,	2012)	which	

employs	the	above	principles	to	perform	a	particular	task	and	is	the	focus	of	this	thesis.	

The	second	category	is	recognised	as	"Artificial	General	Intelligence	(AGI)"	(D.	Baum,	

2017;	Kurzweil,	2014),	that	aims	to	build	machine	intelligence	very	similar	to	a	human	

with	the	ability	to	perform	various	tasks	(Kurzweil,	2014).	

The	 ultimate	 research	 purpose	 of	 the	 AI	 is	 to	 invent	 a	 technology	 which	 enables	

machines	 and	 computer	 systems	 to	 function	 intelligently	 by	 simulating	 the	 human	

intelligence.	This	is	obviously	dependant	on	being	able	to	explain	human	intelligence	

correctly	 and	 accurately.	 The	 main	 branches	 of	 the	 AI	 research	 are	 automated	

reasoning,	 machine	 perception,	 machine	 learning,	 AI	 planning,	 reasoning	 and	

knowledge	representation	and	natural	language	processing.	The	focus	of	this	research	

is	on	the	learning	and	knowledge	representation.	

	

1.4 Automated	reasoning	
Automated	 reasoning	 is	 a	 link	 between	 the	 computer	 science	 and	 philosophy.	 The	

concept	of	reasoning	is	to	perform	appropriate	and	reasonable	inference,	associated	

with	 a	 situation.	 In	 computer	 science;	 automated	 reasoning	 aims	 at	 developing	

computer	 programs	 that	 can	 reason	 independently	 or	 semi-independently	

(Mackenzie,	1995).	Bayesian	inference,	fuzzy	logic	and	maximal	entropy	are	some	of	

the	primary	tools	used	for	automated	reasoning.			

Two	of	 the	most	 significant	 areas	 of	 automated	 reasoning	 are	 the	 automated	proof	

checking	 (Pfenning,	 2001)	 and	 automated	 theorem	 proving	 also	 known	 as	 the	

automated	deduction	(Bundy,	1999).		
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"Principia	 Mathematica"	 (Whitehead	 &	 Russell,	 1912),	 describing	 mathematical	

expressions	in	the	form	of	symbolic	logic,	is	one	of	the	fundamental	breakthroughs	that	

played	a	vital	role	in	the	development	of	the	automated	reasoning.		The	first	artificial	

intelligence	computer	program	that	was	introduced	to	perform	reasoning	for	theorem	

proving	was	the	"Logic	Theory	Machine	or	Logic	Theorist"	(A.	Newell,	Shaw,	&	Simon,	

1957).	 	 In	 terms	 of	 logic	 theorist’s	 ability	 to	 perform	 reasoning	 (similar	 to	 human	

reasoning),	it	was	demonstrated	by	testing	it	on	52	theorems	in	Principia	Mathematica.	

This	program	was	able	to	not	only	prove	38	out	of	52	theorems,	which	is	a	significant	

achievement,	but	also	to	prove	the	theorems	in	a	more	elegant	way	than	Whitehead	

and	Russell	(Whitehead	&	Russell,	1912).	

	

1.5 Machine	perception	
Perception	happens	when	a	computer	program	interprets	the	external	data	in	a	similar	

way	to	an	individual	using	his	senses	(Serov,	2013).	Interpretation	of	this	data	can	help	

the	computer	program	to	describe	and	connect	to	its	environment	and	be	able	to	solve	

the	 problems	 related	 to	 its	 environment	 more	 efficiently.	 The	 aim	 of	 machine	

perception	 is	 to	 analyse	 the	 external	 data	 through	 computer	 means	 and	 provide	

insights,	information	or	more	accurate	results	to	the	user,	especially	when	this	external	

data	is	combined	with	the	conventional	computational	tools.	Machine	perception	can	

also	be	used	to	present	the	processed	sensor	data	in	an	appropriate,	user-friendly	and	

easy	 to	 understand	 manner.	 The	 external	 data	 can	 be	 connected	 to	 the	 computer	

through	 external	 devices	 such	 as	 sensors,	 cameras	 and	 even	 keyboard	 and	mouse.	

Access	to	such	real-time	external	data	through	sensors	provides	the	system	with	the	

ability	to	analyse	and	interact	with	the	environment	through	machine	vision,	machine	

hearing	and	machine	touch.	

	

1.6 AI	planning	
Artificial	intelligence	planning	which	is	also	known	as	automated	planning		is	another	

subfield	of	 the	artificial	 intelligence	directly	related	to	the	decision	theory	(Steele	&	

Stefánsson,	2015).	The	goal	in	AI	planning	is	to	automatically	plan	the	next	action	or	

series	of	actions	in	an	intelligent	system	or	robot	when	the	factors	to	be	considered	in	

planning	are	so	complex	that	usage	of	the	conventional	control	systems	is	not	feasible	

(Alpaydin,	2010).	AI	planning	is	especially	useful	when	the	problem	needs	to	be	solved	
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in	a	multidimensional	space.	Planning	can	be	done	either	offline	or	online	depending	

on	 the	 characteristics	 of	 the	 environment.	 Offline	 AI	 planning	 applies	 when	 the	

environment	is	sufficiently	known	and	there	is	the	possibility	of	analysing	it	in	advance.	

Online	AI	planning	is	particularly	needed	when	the	environment	is	complex,	and	the	

planning	 policies	 need	 to	 be	 updated	 as	 the	 environment	 is	 being	 investigated.	 AI	

planning	usually	requires	a	set	of	goals,	the	initial	state	of	the	environment	and	some	

possible	actions	in	details.	These	actions	can	be	either	duration-less	or	deterministic.	

One	 of	 the	most	 popular	 planning	 and	 decision-making	 frameworks	 is	 the	Markov	

Decision	Process	(MDP).	MDP	was	first	 introduced	in	1957	by	Bellman	(R.	Bellman,	

1957)	and	is	a	framework	especially	beneficial	for	reinforcement	learning	and	dynamic	

programming	 (R.	Bellman,	2013).	MDP	 is	 a	discrete-time	 stochastic	 control	 (DTSC)	

process.	Supposing	that	the	MDP	is	in	a	state	like	𝑆{	at	time	𝑇	waiting	for	choosing	an	

action	like	𝐴{	based	on	the	available	actions	in	state	𝑆{.	MDP	will	move	to	the	next	state	

𝑆~	at	the	time	𝑇��{	and	will	give	a	reward	𝑅�{	(𝑆{,	𝑆~)	to	the	decision	making	process	

(Altman,	1999;	R.	Bellman,	1957).	Classical	planning,	probabilistic	planning,	temporal	

planning,	 preference-based	 planning	 	 and	 reduction	 to	 other	 problems	 such	 as	

“property	 (model)	 checking”	 and	 “Boolean	 (propositional)	 satisfiability”	 are	 other	

algorithms	for	AI	planning	(Baier	&	McIlraith,	2009).		

		

1.7 Natural	language	processing		
Natural	Language	Processing	(NLP)	is	considered	as	a	subcategory	of	AI,	focusing	on	

computer	 systems	 that	 can	 interact,	 analyse	 and	 process	 the	 natural	 language	 of	

humans.	Natural	language	interpretation	(NLI)	is	one	of	the	primary	research	fields	of	

NLP	and	deals	with	problems	such	as	text/voice	recognition,	text	categorisation	and	

content	analysis.	NLI	systems	vary	in	range	and	capability	from	systems	that	are	able	

to	 recognise	 a	 limited	 number	 of	 commands	 to	 complex	 systems	 that	 comprehend	

articles	and	suggest	topics	or	even	summaries	for	them.		

The	study	of	methods	and	systems	that	are	able	to	translate	human	speech	into	text	or	

machine	knowledge	is	known	as	a	sub-category	of	NLP	called	speech	recognition.	SR	

systems	 are	 mainly	 divided	 into	 two	 categories,	 speaker	 dependent	 and	 speaker	

independent.	 Unlike	 the	 Speaker	 independent	 systems,	 speaker	 dependent	 systems	

generally	 require	 pre-training	 of	 the	 system	 prior	 to	 the	 test	 phase	 of	 the	 system	

(Gaikwad,	Gawali,	&	Yannawar,	2010).	One	of	the	primary	study	fields	in	SR	is	speaker	

recognition	 (Poddar,	 Sahidullah,	 &	 Saha,	 2017).	 Speaker	 (voice)	 recognition	 is	 an	
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independent	stage	when	the	system	can	identify	and	authenticate	the	speaker.	Speaker	

recognition	 can	 act	 as	 a	 facilitator	 for	 speech	 recognition	when	 it	 is	 trained	on	 the	

speaker's	voice.	

1.8 Reasoning	and	knowledge	representation	
Knowledge	 representation	 (KR)	 is	 a	 practical	 category	of	AI	 that	 aims	 at	 providing	

information	in	a	suitable	format	to	a	system	so	that	it	can	deal	with	complex	problem-

solving	scenarios.	KR	has	initially	started	by	mimicking	the	human	learning	procedure	

and	understanding	(Schank	&	Abelson,	2013).	KR	 is	divided	 into	 two	subcategories	

that	have	shaped	the	future	of	the	AI;	 formalism	design	such	as	system	architecture	

and	 automated	 reasoning	 (automated	 deduction)	 such	 as	 inference	 engines	 which	

shaped	the	future	of	the	AI.	Automated	reasoning	is	mainly	done	by	using	computer	

systems	 that	 imitate	 a	 human's	 ability	 to	 make	 decisions,	 also	 known	 as	 expert	

systems.		

The	expert	systems	are	the	first	successful	types	of	artificial	intelligence	which	were	

created	 in	 the	1970s	 (S.	Russell	&	Norvig,	 2009).	An	expert	 system	 is	made	of	 two	

sections,	the	knowledge	base	which	contains	the	rules	extracted	from	information	and	

an	inference	engine	which	applies	the	known	rules	to	infer	new	facts	and	rules.	Edward	

Feigenbaum,	a	scientist	from	Stanford	University,	is	known	as	the	father	of	the	expert	

systems.	He	believed	that	intelligent	systems'	key	strength	is	not	the	special	inference	

schemes	and	rules	they	adopt	but	the	knowledge	they	possess	(Cohen	&	Feigenbaum,	

2014).	

The	significant	commercial	benefits	of	the	expert	systems	strengthened	the	research	

in	 AI	 in	 1980.	 Expert	 systems	 are	 computer	 programs	 capable	 of	 emulating	 the	

expertise	 and	 reasoning	 abilities	 of	 qualified	 specialists	 within	 a	 well-defined	 and	

narrow	domain	of	knowledge.	One	of	the	early	attempts	to	formulate	expert	systems	

was	the	General	Problem	Solver	(GPS),	which	was	the	summary	of	thinking	activity	of	

the	people	to	solve	a	problem.	The	GPS	was	developed	by	Newell,	Shaw	and	Simon	in	

1959	(	a.	Newell,	Shaw,	&	Simon,	1959).		

In	 1965,	 DENDRAL	 (Copeland,	 2008)	 was	 successfully	 developed	 at	 Stanford	

University	(Lindsay,	1980).	This	system,	one	of	the	early	successful	examples	of	expert	

systems,	was	 able	 to	 generate	molecular	 structures	 that	 can	 describe	 spectral	 data	

automatically.	 From	 1968	 to	 1982,	 MIT	 has	 developed	 the	 MACSYMA,	 one	 of	 the	

earliest	general	purpose	computer	algebra	systems	(Petrick,	1971)	which	is	still	being	
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used.	MACSYMA	is	capable	of	solving	over	six	hundred	sorts	of	mathematical	problems.	

This	includes	equation	solving,	matrix	operations,	calculus,	etc.		

Successful	development	of	these	systems	made	the	expert	system	widely	concerned	by	

academia	 and	 engineering.	 Various	 researchers	 believe	 that	 in	 the	 process	 of	

developing	expert	 systems,	 the	 structure	of	 an	expert	 system	 is	 comprised	of	 three	

separate	elements;	knowledge	base,	which	contains	a	representation	of	domain	related	

facts,	 inference	mechanism	and	the	memory	that	records	the	 input	 information	and	

progress	 for	 each	problem	(Wiggs	&	Perez,	1988).	These	are	 also	 considered	 three	

basic	issues	of	artificial	intelligence	systems	(Liebowitz,	1995).	

Due	 to	 the	 high	 demand	 to	 represent	 a	more	 complex	 descriptive	 and	 behavioural	

object	 information	 in	 the	 late	 1980,	 the	 framework-Based	 Expert	 Systems	 were	

developed.	 These	 systems	 were	 capable	 of	 solving	 more	 complicated	 problems	 in	

comparison	with	the	Rule-Based	Expert	Systems	(Minsky,	2013).		

In	1980	the	study	of	the	expert	systems	faced	challenges,	revealing	the	weaknesses	of	

such	 artificial	 intelligence	 systems.	 These	 weaknesses	 included	 limited	 application	

domains,	difficulties	in	knowledge	acquisition	and	reasoning	mechanism	(Tan,	2017).	

Such	weakness	motivated	researchers	to	explore	new	theories	and	approaches	which	

led	to	the	rise	of	the	artificial	neural	networks	and	statistical	learning.	

After	the	rise	of	machine	learning	(ML)	as	a	new	research	topic	in	artificial	intelligence	

and	 massive	 research	 towards	 its	 integration	 in	 expert	 systems,	 the	 reasoning	

performance	 of	 the	 expert	 system	 was	 improved	 significantly.	 This	 improvement	

resulted	 in	more	 demand	 for	 expert	 systems.	 The	 expert	 systems	 research	 is	 now	

developing,	and	these	systems	can	now	be	utilised	to	solve	more	complex	problems.	

One	of	the	main	obstacles	in	using	expert	systems	is	the	development	and	design	of	

such	 systems.	 This	 can	 be	 done	 either	 by	 explicitly	 programming	 the	 system	using	

expert	knowledge	or	making	the	system	learn	automatically	using	the	data	(by	ML).	

Therefore,	the	design	techniques	can	be	divided	into	two	categories:	a.	the	traditional	

engineering	 and	 expert	 based	 design,	 b.	 data-based	 design	 that	 follows	 machine	

learning	strategies.	

	

1.9 Machine	learning	
Machine	learning	or	ML,	formally	named	by	Arthur	Samuel	in	1959	(Samuel,	1959),	is	

one	of	the	most	significant	and	fast	developing	branches	of	artificial	intelligence	and	a	

subfield	of	computer	science	(Michie	et	al.,	1994;	Mitchell,	1997).	ML	uses	statistical	
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methods	to	uncover	patterns	in	the	data	and	help	the	machines	learn	those	patterns	

and	apply	the	knowledge	gained	during	the	 learning	process	to	similar	unseen	data	

automatically,	without	the	need	for	programming	it	(Koza,	Bennett,	Andre,	&	Keane,	

1996;	Samuel,	1959).	This	is	especially	useful	where	developing	a	specific	algorithm	or	

program	 is	 either	 challenging,	 impossible	 or	 non-comprehensive.	Machine	 learning	

algorithms	 are	 mainly	 based	 on	 statistical	 approaches	 which	 are	 optimised	 for	

computationally	intensive	applications.	Mathematical	optimisation	of	these	algorithms	

is	 one	 of	 the	most	 challenging	 tasks	 in	 designing	machine	 learning	 algorithms.	The	

impact	 of	 ML	 in	 uncovering	 hidden	 insights	 through	 statistical	 learning	 from	 data	

cannot	 be	 undervalued	 especially	 when	 the	 big	 data	 is	 becoming	 a	 norm	 in	many	

scientific	and	industrial	fields,	and	it	is	no	longer	feasible	to	analyse	data	manually	or	

by	rigid	programming.	

Machine	 learning	 is	 mainly	 divided	 into	 three	 paradigms,	 supervised	 learning,	

unsupervised	learning	and	reinforcement	learning.			

	

1.9.1 Unsupervised	learning	
This	 branch	 of	 machine	 learning	 concerns	 learning	 from	 the	 unlabelled	 data	 by	

identifying	 commonalities	 and	 common	 attributes	 in	 the	 dataset.	 An	 unsupervised	

learning	 agent	 can	 then	 link	 the	 new	 and	 unseen	 data	 to	 these	 pre-identified	

commonalities	 (Duda,	 Hart,	 &	 Stork,	 2001;	 Hastie,	 Tibshirani,	 &	 Friedman,	 2009).	

Clustering	is	one	of	the	well-known	types	of	unsupervised	learning.	

	

1.9.2 Supervised	learning	
In	supervised	learning	the	data	is	labelled	and	presented	to	the	agent	in	form	of	inputs	

and	outputs	(labels)	with	an	unknown	mapping.	The	algorithm	infers	the	link	between	

the	 variables	 by	 observing	 various	 observations	 in	 the	 dataset	 and	 mapping	 their	

inputs	to	the	outputs	(Mohri	&	Rostamizadeh,	2012).	The	supervised	learning	agent	

then	produces	a	set	of	rules	to	represent	this	mapping	(knowledge)	that	is	also	known	

as	the	model.	This	model	can	be	used	to	label	unseen	observations.	This	category	of	ML	

can	be	further	used	with	one	of	the	following	three	enhanced	learning	techniques	to	

deliver	continuous	and	reusable	inference	and	learning.	
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1.9.2.1 Transfer	learning	
Represents	 storing	 the	 inference	 or	 knowledge	 achieved	 by	 an	 algorithm	 from	

observing	 a	 dataset	 and	 its	 labels	 and	 applying	 it	 to	 another	 related	 problem	

(Mihalkova,	Huynh,	&	Mooney,	2007;	Pratt,	1993;	West,	Ventura,	&	Warnick,	2007).	

Transfer	learning	is	mainly	performed	using	parameter	transfer	techniques	or	instance	

transfer	 techniques	 between	 two	 algorithms	 (Kaboli,	 2017;	 Pan	 &	 Yang,	 2010).	

Parameter	transfer	is	performed	when	transferring	knowledge	between	algorithms	of	

similar	type	and	architecture	while	instance	transfer	can	be	used	to	transfer	instances	

that	contribute	to	a	certain	inference	between	any	types	of	algorithms.	

Figure	1.1	illustrates	transfer	learning	versus	the	conventional	machine	learning	tasks.		

	

	
Figure	1.1.	Machine	learning	tasks	(left)	versus	transfer	Learning	(right).	The	knowledge	of	the	primary	learning	
system	 trained	 on	 two	 datasets	 for	 tasks	 1	 and	 2	 is	 transferred	 to	 the	 secondary	 task	 to	 increase	 learning	
performance.	

	

1.9.2.2 Incremental	learning		

Incremental	learning	(IL)	also	known	as	online	learning,	is	using	the	incremental	flow	

of	data	to	retrain	a	model	and	accumulating	its	knowledge	iteratively	over	time.		

The	 ML	 model	 and	 its	 learning	 parameters	 are	 usually	 stored	 in	 between	 the	

incremental	 training	 iterations	 similar	 to	 transfer	 learning.	 The	 stored	 model	 is	

incrementally	 trained	 over	 new	 data	 to	 refine	 the	 previously	 inferred	 knowledge	

(Mihalkova	et	al.,	2007;	Mohri	&	Rostamizadeh,	2012;	Myers	et	al.,	2015;	Pratt,	1993;	

Schlimmer	&	Fisher,	1986;	Utgoff,	1989;	West	et	al.,	2007).	Several	IL	studies	introduce	

techniques	for	incremental	induction	using	well	known	ML	techniques	such	as	IDE4	

decision	tree	by	Schlimmer	(Schlimmer	&	Fisher,	1986),	ID5R	by	Utgoff	(Utgoff,	1989)	

and	neural	networks	approaches	such	as	TopoART	(Tscherepanow,	2010).		

	

Generally,	an	Incremental	learning	agent	follows	the	criteria	below:	
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1.	Learns	and	updates	its	knowledge	(weights,	rules,	etc)	with	new	data.		

2.	 Stores	 and	 preserves	 the	 acquired	 knowledge	 at	 each	 stage	 without	 forgetting	

previously	 gained	 knowledge	 unless	 new	knowledge	 opposes	 parts	 of	 the	 previous	

knowledge.	

3.	Does	not	require	access	to	the	previous	training	data	to	improve	knowledge.	

4.	Depending	on	its	type,	the	algorithm	adaptively	infers	from	new	data	by	generating	

new	rules,	growing	additional	trees	or	creating	new	clusters	if	required.	

	

1.9.2.3 Active	learning	
Active	learning	(AL)	is	used	when	all	observations	cannot	be	labelled	in	the	dataset.		

The	 AL	 agent	 is	 presented	 with	 the	 labels	 of	 a	 part	 of	 the	 training	 set	 and	 has	 to	

optimise	the	choice	of	observations	that	it	needs	to	get	labels	for.	After	that	the	labels	

for	the	selected	part	of	the	training	set	are	presented	to	the	agent	by	a	user	for	learning	

(Rubens,	Elahi,	Sugiyama,	&	Kaplan,	2015;	Settles,	2014).	

	

1.9.3 Reinforcement	learning		
Despite	supervised	learning	that	is	based	on	the	idea	of	acquiring	generalised	inference	

from	 the	 labelled	 observations,	 reinforcement	 learning	 (RL)	 works	 based	 on	

exploration	and	exploitation	(Sutton	&	Barto,	2018)	where	there	is	no	supervisor	to	

facilitate	 the	 learning	process.	 In	reinforcement	 learning	the	training	 is	given	to	the	

system	as	an	environmental	feedback;	such	as	good	or	bad,	based	on	the	actions	that	a	

computer	system	performs	on	each	iteration	in	an	environment	(Busoniu,	Babuska,	De	

Schutter,	&	Ernst,	2010).	RL	usually	starts	with	random	movements	in	the	data	space	

and	starts	improving	on	its	random	decisions	using	the	environmental	feedback.	This	

feature	makes	RL	feasible	 in	robotics	(Peters,	Vijayakumar,	&	Schaal,	2003).	RL	 is	a	

step	towards	development	of	the	Artificial	General	Intelligence	(Goertzel	&	Pennachin,	

2007).	RL	is	a	reward	based	consecutive	trial	and	error	learning	technique	in	which,	

the	agent	applies	various	combinations	of	actions	in	a	state	to	achieve	the	lowest	error	

or	the	highest	cumulative	reward.	This	fact	makes	the	exploration	nearly	impossible	in	

many	real-world	situations	where	the	environment	 is	so	dynamic	and	changes	very	

frequently.	In	situations	where	the	dynamics	of	the	environment	change	regularly	it	

becomes	 very	 expensive,	 time	 consuming	 and	 unfeasible	 for	 the	 agent	 to	 learn	

(Schulman,	Wolski,	Dhariwal,	Radford,	&	Klimov,	2017).	Hence	RL	is	out	of	the	scope	
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of	this	work	as	the	goal	of	the	work	is	to	create	a	stable	and	very	specific	production	

system	that	is	able	to	dynamically	change	with	the	environment	and	yet	does	not	need	

to	 consider	 many	 environmental	 complexities	 other	 than	 an	 accurate	 product	 and	

variations	in	time	with	the	lowest	cost	possible	and	high	speed.	

Figure	 1.2	 illustrates	 the	 machine	 learning	 categories	 as	 well	 as	 the	 three	 sub-

categories	of	the	supervised	learning.	

	

	

	
Figure	1.2.	General	machine	 learning	categories.	Three	enhanced	 learning	 techniques	 to	deliver	continuous	and	
reusable	inference	and	learning	are	illustrated	as	sub-categories	of	supervised	learning.		

	

Supervised	learning	can	be	applied	to	various	tasks,	from	which	the	following	two	are	

among	its	most	common	applications:	

	

1.	Classification:	where	the	observations	are	divided	into	two	or	more	groups	or	classes	

(labels)	 and	 the	 classes	are	 to	be	 found	 for	unknown	observations.	 Classification	 is	

either	binary	or	multi-class	based	on	the	number	of	classes.	

2.	Regression:	Where	the	aims	(targets)	of	the	observations	are	continuous	values	and	

the	task	is	to	predict	these	values	for	unseen	observations.	

	

1.10 Mass	personalisation	of	products	
Product	customisation	is	usually	referred	to	as	selecting	components	of	a	product	or	

the	product	 itself,	 from	a	predefined	list	of	available	products	or	components	 in	the	

industry.	Product	recommendation	is	also	an	offspring	of	this	concept.	Personalisation	

is	usually	framed	as	selecting	a	product	that	is	closest	to	the	user’s	requirements.	The	

product	recommendation	concept	 is	based	on	 the	similarity	of	 the	user’s	activity	 to	
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others	who	have	shown	interest	in	or	used	the	product.	Although	this	concept	helps	

providing	 a	 type	 of	 limited	 personalisation	 to	 products,	 it	 can	 never	 replace	 full	

customisation	to	every	user’s	requirement.	For	instance,	selecting	from	a	range	of	sizes	

for	 clothes	 provides	 a	 limited	 and	 cost-effective	 customisation	 option,	 however	 the	

clothes	can	never	fit	as	well	as	bespoke	handmade	clothes	which	cost	multiple	times	

more.		

There	are	costly	solutions	for	the	customisation	of	products.	For	instance,	individual	

customisation	by	experts	in	the	field	based	on	their	expertise	and	experience.	On	the	

other	hand,	 there	has	been	 limited	 research	about	 customised	manufacturing	using	

machine	learning	techniques	or	expert	systems	and	without	continuous	involvement	

of	human	experts.	Additionally,	the	demand	for	personalised	products	and	services	is	

growing	every	day	and	“one	size	fits	all”	in	production	and	services	is	less	desirable.	

This	 is	 especially	more	 prominent	 in	 the	 area	 of	 consumer	 and	 cosmetic	 products,	

where	firms	are	competing	against	each	other	over	customer	satisfaction	across	the	

globe	(Goldsmith,	1999).	The	study	by	Mugge,	et	al.	(2009)	shows	the	significance	of	

the	 impact	of	personalised	products	 in	emphasising	 the	customer’s	emotional	bond	

with	the	product.		

Mass	customisation	(MC)	and	personalisation	play	an	essential	role	in	the	profitability	

of	 a	 product	 and	 competency	 of	 the	 producer	 (Frutos	 &	 Borenstein,	 2004).	 The	

purpose	of	MC	has	recently	become	even	more	significant	in	smart	production	as	it	has	

been	 identified	 as	 one	 of	 the	 main	 pillars	 of	 intelligent	 manufacturing	 (Hermann,	

Pentek,	 &	 Otto,	 2016).	 One	 of	 the	 well-known	 studies	 in	 this	 field	 conducted	 by	

Mavridou,	et	al.	(2013)	proposes	a	machine	learning	based	recommender	system	that	

offers	 initial	product	design	recommendations	to	customers	who	want	to	customise	

their	car	before	purchase.	The	main	approach	in	the	study	by	Mavridou	et	al.	(2013)	is	

to	use	data-driven	techniques	to	find	useful	links	between	the	customers’	preferences.	

This	 study	hints	 at	 significant	potential	 future	work	and	 relevant	 ideas	 about	mass	

personalisation	of	products	that	could	possibly	be	of	interest	for	researchers.	Typically,	

it	hints	at	incorporating	the	user’s	satisfaction	and	product’s	effectiveness	as	attributes	

to	generate	better	recommendations.	

	

1.11 Personalised	medical	and	dermatological	products	
Personalised	product	design	 in	 the	area	of	medicine	and	dermatology	 is	 a	new	and	

emerging	concept	following	the	new	theories	and	neoliberal	principles	in	healthcare.	
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These	 new	 theories	 have	 created	 the	 social	 and	 commercial	 need	 for	 the	 patients	

(Savard,	2013).	The	main	aim	is	to	provide	optimal	diagnosis	or	treatment	by	using	the	

most	appropriate	and	highest	quality	medicine.	The	study	by	Le	et	al.	(2011)	suggests	

that	micro	and	nanomanufacturing,	intelligent	database	design	and	expert	systems	can	

be	suitable	approaches	to	develop	the	value-added	personalised	medical	products.	The	

study	also	emphasises	the	critical	role	of	a	robust	information	management	tool	as	an	

integrated	part	of	the	development	of	the	medical	and	pharmaceutical	product	design	

systems.	Since	machine	learning	algorithms	(MLAs)	were	designed	and	used	for	the	

analysis	of	medical	datasets	from	the	very	beginning	(Kononenko,	2001),	they	can	be	

good	candidates	for	the	role	of	such	information	management	tools.	

There	are	extremely	 limited	number	of	 studies	on	 the	development	of	personalised	

skin-care	products.	The	study	and	patent	by	Manzo	(2008)	is	a	good	baseline	solution	

for	developing	such	products.	This	patent	defines	the	formulation	of	a	customized	skin	

care	 product,	 that	 can	 be	 processed	 in	 order	 to	 be	 used	 for	 resolving	 the	 skin	

deficiencies	of	the	patients.	The	formulation	is	prepared	based	on	the	dermatological	

skin	measurements	of	the	patients.	This	patent	also	suggests	that	the	dermatological	

biometric	instruments	that	can	be	used	to	measure	skin	characteristics	such	as	sebum,	

trans	epidermal	water	loss,	PH,	elasticity,	etc	in	order	to	build	a	customised	skin	care	

product	based	on	the	skin	needs.	This	can	be	done	by	adding	active	ingredients	which	

can	deal	with	the	relevant	skin	deficiencies.	Since	the	active	ingredients	are	the	main	

attributes	 in	 effectiveness	 of	 the	 skin-care	 product,	 this	 thesis	 focuses	 on	

personalisation	of	these	ingredients	in	a	skin-care	formulation.	

Additionally,	a	similar	patent	(Maloney,	Foy,	Estruth,	Schar,	&	Frank,	2001)	suggests	

that	 the	 customer	 profiles	 based	 on	 the	 human	 skin	measurements	 can	 be	 used	 to	

develop	 personalised	 cosmetic	 products.	 It	 also	 suggests	 the	 use	 of	 a	 web-based	

interface	to	facilitate	the	process	of	information	gathering	and	user	profiling.		

	

1.12 Literature	Gaps	
As	 discussed	 earlier,	 mass	 personalisation	 of	 products	 is	 widely	 confused	 with	

recommendation	systems	and	 is	 interpreted	as	recommending	a	product	 that	 is	 the	

closest	to	the	user	requirements	from	a	set	of	available	products.	Such	solutions	mainly	

focus	 on	 the	 similarity	 of	 the	 user’s	 activity	 to	 others	 who	 used	 a	 product	 or	 the	

variations	 of	 choices	 on	 a	 certain	 component.	 More	 accurate	 approaches	 include	

providing	 limited	 options	 to	 choose	 from	 the	 components	 of	 a	 product	 or	
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incomprehensive	conceptual	approaches	with	narrow	use	cases	(Hsiao,	Chiu,	Chu,	&	

Chen,	2015;	Mavridou	et	al.,	2013;	Piroozfar	&	Piller,	2013).	Mass	customisation	on	the	

other	hand	should	involve	total	customisation	of	a	product	for	a	very	large	population.	

Due	 to	 the	sensitivity	and	 the	nature	of	medical	products,	 specifically	medicine	and	

drugs,	and	also	the	issues	related	to	privacy,	governance	and	data	sharing,	the	new	field	

of	 mass	 customisation	 of	 medical	 products	 is	 still	 at	 its	 early	 stages.	 Mass	

personalisation	of	dermatological	products	is	also	not	an	exemption	and	there	are	only	

a	handful	of	studies	and	proposals	for	such	concepts		(Ma’Or,	Milner,	&	Bregeger,	2005;	

Manzo,	2008;	Rüther	et	al.).	These	studies	are	very	specific	and	limited	to	developing	

rigid	rule	based	expert	systems	or	theoretical	proposals	for	very	limited	case	studies.	

However,	the	risk	of	dermatological	products	is	slightly	lower	than	the	other	medicine	

despite	 the	 similarity	 of	 the	 components	 of	 the	 two.	 Proving	 feasibility	 of	 MC	 in	

dermatological	products	can	also	be	beneficial	to	the	area	of	personalised	medicine,	

something	that	is	clearly	missing	from	the	literature.	

Current	research	in	the	area	of	personalised	skin-care	does	not	offer	any	proposal	for	

generalised	guidelines	or	frameworks	for	producing	such	products	at	scale,	but	only	

focus	on	addressing	a	limited	problem	(Ma’Or	et	al.,	2005;	Millet,	2011).	Since	extreme	

accuracy	is	essential	for	the	production	of	cosmetic	products	or	medicine	(Drucker	&	

Krapfenbauer,	2013),	personalised	skin-care	products	 can	benefit	 from	such	robust	

frameworks	significantly	(Power	&	Bernabei,	2013).		

Machine	learning	can	provide	the	necessary	tools	required	for	precise	personalisation	

of	 dermatological	 products.	 This	 includes	 accurate	 prediction	 of	 the	 product	

components	 for	 a	 specific	 skin-type	 or	 condition	 through	 supervised	 learning.	

However,	recent	studies	that	involve	the	use	of	machine	learning	techniques	in	the	area	

of	dermatology	and	cosmetics	are	mainly	focusing	on	disease	detection	and	diagnosis	

(Dreiseitl	 et	 al.,	 2001;	 Esteva	 et	 al.,	 2017;	 Shrivastava,	 Londhe,	 Sonawane,	 &	 Suri,	

2015).	Although	this	shows	a	clear	gap	in	utilising	machine	learning	techniques	in	the	

area	of	personalised	dermatological	and	cosmetic	products,	 it	 is	an	evidence	for	the	

effectiveness	 of	 ML	 and	 in	 particular	 supervised	 learning	 in	 mapping	 the	

characteristics	of	human	skin	(Esteva	et	al.,	2017).	Hence,	it	 is	expected	that	similar	

predictive	 ML	 techniques	 can	 be	 used	 for	 producing	 personalised	 skin-care	 by	

mapping	the	skin-characteristics	directly	to	the	skin-care	products.	

On	the	other	hand,	the	quantity	and	accuracy	of	biomedical	and	clinical	data	acquired	

through	medical	trials	is	usually	a	concern	when	it	comes	to	performing	data-driven	
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analysis	or	training	machine	learning	algorithms	(Laurikkala,	2001;	Mazurowski	et	al.,	

2008;	 Ryan	 et	 al.,	 2013;	 Steyerberg,	 Eijkemans,	 Harrell	 Jr,	 &	 Habbema,	 2001).	

Gathering,	maintaining	and	preserving	such	data	is	costly	and	time	consuming,	hence	

having	access	to	large	datasets	that	can	help	an	algorithm	gain	enough	knowledge	for	

precise	production	of	skin-care	is	rare.		

Additionally,	 small	 data	 can	 result	 in	 product	 inaccuracy	 at	 the	 early	 stages	 of	

personalisation	due	to	the	cold	start	problem	(Lillegraven	&	Wolden,	2010;	Yuen,	King,	

&	Leung,	2015).	The	cold	start	problem	is	caused	by	the	sparsity	of	data	about	a	user	

or	 a	 product	 available	 to	 a	 recommendation	 algorithm.	 It	 also	 happens	 when	 the	

system	is	producing	or	recommending	products	for	new	users,	new	products,	or	new	

products	for	new	users	(Z.-K.	Zhang,	Liu,	Zhang,	&	Zhou,	2010).	Cold	start	in	producing	

personalised	skin-care	is	more	significant	as	the	products	are	of	higher	sensitivity	due	

to	their	healthcare	nature.		

Moreover,	 class	 imbalance	 or	 having	 incomparable	 number	 of	 observations	 per	

product	or	variable	groups	of	patients	with	common	characteristics	in	clinical	datasets	

is	another	concern	for	ML	training	(D.-C.	Li,	Liu,	&	Hu,	2010;	Longadge	&	Dongre,	2013;	

Mazurowski	 et	 al.,	 2008).	 This	 can	 negatively	 impact	 the	 generalisability	 of	 an	ML	

algorithm	for	production	of	skin-care	products.	

Therefore,	a	requirement	for	an	approach	to	tackle	the	small	or	inadequate	data	for	

training	 machine	 learning	 algorithms	 for	 personalisation	 of	 skin-care	 products	 is	

clearly	 identified.	 Also,	 a	 framework	 with	 precise	 and	 proven	 guidelines	 for	 data	

processing	and	system	development	is	required	to	minimise	trial	and	error	costs	and	

reduce	production	 inaccuracies	particularly	when	 there	 is	 initially	 limited	access	 to	

patient	data.		

Furthermore,	skin-care	is	condition	specific	and	patients’	conditions	change	based	on	

factors	such	as	health,	age,	season,	disease	or	any	other	circumstances.	Current	expert	

systems	for	production	of	personalised	skin-care	lack	the	flexibility	to	adapt	to	changes	

in	 circumstances	 of	 the	 patients	 (Ma’Or	 et	 al.,	 2005;	 Rüther	 et	 al.).	 Automatic	

adaptation	to	patients	changing	conditions	in	mass	personalisation	is	certainly	a	topic	

that	is	missing	from	the	literature.		

This	study	is	one	of	the	pioneers	of	practical	personalisation	of	skin-care	products	to	

the	 ingredient	 level	 based	 on	 the	 patients’	 skin-profile.	 This	 work	 proposes	 novel	

solutions	to	the	mentioned	data	related	problems.	It	resolves	the	cold	start	problem	by	

initially	training	a	predictive	algorithm	on	the	basis	of	the	available	expert	knowledge	
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(in	the	form	of	an	expert	system).	It	also	rectifies	the	issue	with	the	sparsity	and	small	

size	 in	biomedical	datasets	created	 through	medical	 trials	by	expanding	 the	dataset	

through	 statistical	 means.	 Dataset	 expansion	maximises	 ML	 knowledge	 acquisition	

from	an	 initially	 small	dataset	 as	well	 as	 enabling	 reliable	 evaluation	of	 the	 system	

prior	to	its	live	deployment.	

This	 work	 also	 proposes	 techniques	 to	 adapt	 the	 produced	 skin-care	 products	 to	

patients’	 needs	 over	 time	 and	 incorporates	 the	 knowledge	 acquired	 through	 this	

adaptation	 in	 its	 future	 predictions.	 Apart	 from	 automatic	 knowledge	 update,	 this	

enables	producing	more	accurate	products	for	the	patients	and	skin	profiles	that	are	

unseen	to	the	system.	

	

1.13 Study	focus	and	boundaries	
This	thesis	introduces	an	incremental	learning	framework	for	mass	personalisation	of	

skin-care	products,	with	the	focus	on	improving	the	performance	and	flexibility	of	the	

current	 and	 limited	 expert-system-based	 approaches.	 It	 addresses	 the	 problem	 of	

small	data	and	cold	start	in	dermatological	prototypes	when	it	comes	to	the	training	

and	refinement	of	machine	learning	techniques.	This	study	proves	the	benefits	of	using	

applied	machine	learning	to	improve	on	medical	and	dermatological	expert	systems	

even	when	the	initial	training	sample	is	limited	in	size.	It	introduces	dataset	expansion	

and	simulation	prior	to	training	ML	models	for	better	initial	model	performance.	

This	research	is	focused	on	the	supervised	learning	branch	of	ML	to	propose	a	solution	

to	the	problems	explained	in	this	chapter.	The	study	introduces	different	supervised	

learning	 algorithms	 and	 compares	 their	 performance	 on	 different	 modules	 of	 the	

proposed	 framework.	 The	 study	 combines	 two	 supervised	 learning	 models	 in	 a	

framework	 to	 introduce	 precise	 formulation	 generation	 and	 self-adaptation	 to	

patients’	 requirements	 over	 time.	The	 two	models	 act	 as	 short	 term	and	 long-term	

memories	of	the	general	production	system	where	the	short-term	memory	refines	the	

long-term	memory	over	time	through	incremental	learning.	These	models	and	related	

novel	techniques	are	explained	in	chapter	3	of	this	thesis.		

The	 study	 considers	 a	 subscription-based	 product	 generation	 model,	 where	 the	

patients	 request	 new	 or	 previously	 requested	 products	 continuously	 and	 expect	 a	

more	personalised	and	accurate	product	each	time.	
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1.14 Study	goals	and	roadmap	
The	main	goal	of	 this	 study	 is	 to	develop	an	 intelligent	 framework	 for	personalised	

skin-care	production	without	the	requirement	for	specific	programming	or	manually	

creating	and	updating	a	comprehensive	knowledge	base.	This	is	in	contrast	with	the	

function	of	an	expert	system	for	the	production	of	skin-care	products	where	a	pre-set	

function	or	sets	of	rules	are	designed	to	perform	a	specific	action.		

The	second	goal	is	to	produce	skin-care	products	with	an	acceptable	level	of	precision	

from	the	beginning	of	the	system	operation	and	to	continue	to	improve	the	accuracy	of	

the	personalisation	by	incorporating	patients’	feedback	over	time.	This	is	in	contrast	

with	the	approaches	such	as	RL,	where	the	system	starts	randomly	and	improves	over	

long	periods	of	time.	The	obvious	reason	for	this	aim	is	the	safety	of	the	patients	and	

not	providing	them	with	a	product	with	random	ingredients	at	the	beginning.	Another	

reason	is	to	keep	the	patients	satisfied	from	the	start	of	the	process	and	to	improve	on	

the	products	they	receive	over	time	to	increase	their	satisfaction.	This	satisfaction	is	

the	key	to	success	of	this	work	as	it	makes	the	patients	return	and	order	repeatedly	

and	provide	feedback	for	the	products	they	used	as	this	will	help	the	system	adapt	to	

their	needs	and	produce	precise	products.	

This	thesis	proposes	using	a	supervised	learning	algorithm	as	the	main	learner,	which	

is	 initially	 trained	 to	 model	 a	 proven	 expert	 system	 or	 expert	 knowledge.	 This	

approach	facilitates	the	initial	knowledge	acquisition	and	product	precision	and	can	

resolve	the	cold	start	problem.	Using	expert	knowledge	as	an	initial	training	set	to	the	

model	significantly	increases	the	robustness	and	initial	generalisation	of	the	model	in	

contrast	 to	 techniques	 that	 start	 with	 an	 initially	 weak	 learner	 (el	 Hassouni,	

Hoogendoorn,	 van	Otterlo,	&	Barbaro,	 2018;	Piroozfar	&	Piller,	 2013;	 Seo	&	Zhang,	

2000;	Z.-K.	Zhang	et	al.,	2010).		

As	mentioned	earlier	 in	KR	and	expert	systems,	an	expert	system’s	knowledge	base	

needs	to	be	manually	updated	every	time	there	is	requirement	for	a	change	or	update	

in	the	system.	This	issue	is	resolved	in	this	work	by	proposing	an	incremental	learning	

framework	that	incorporates	one	learner	to	predict	the	personalised	formulations	of	a	

skin-care	product	and	a	second	learner	that	adds	feedback	learning,	automatic	product	

refinement	 and	 hence	 knowledge	 refinement	 over	 time.	 The	 proposed	 framework	

starts	adapting	to	the	patients’	requirements	as	soon	as	it	receives	an	initial	feedback	

from	the	patients	and	further	improves	on	the	productions’	precision	over	time	as	it	

receives	more	feedback	from	returning	patients.	
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Table	1.1	compares	the	benefits	of	using	the	proposed	framework	with	other	solutions	

that	can	be	applied	to	personalised	skin-care.	These	solutions	include	producing	the	

skin-care	by	a	dermatologist,	a	rigid	expert	system	for	personalised	skin-care	such	as	

the	one	introduced	in	the	studies	by	Ruther	(Ruther,	2017)	and	Ma’or	(Ma’Or	et	al.,	

2005),	 a	 single	 supervised	 learning	 model	 directly	 trained	 on	 the	 data	 and	 the	

proposed	framework	for	mass	personalisation	of	the	skin-care	products.	To	compare	

with	a	supervised	learning	approach,	the	study	by	Freyne	(Freyne,	Berkovsky,	&	Smith,	

2011)	is	used	as	an	example	for	personalisation	of	ingredients.	This	study	aims	for	a	

similar	goal	but	for	the	task	of	food	recipe	generation.	

	
Table	1.1.	Comparison	of	the	features	of	the	possible	solutions	for	production	of	personalised	skin-care.	Learning	
speed,	initial	accuracy	and	adaptation	to	variable	requirements	are	among	the	compared	features.	

Solution	Feature	

Manual	

Generation	by	

Dermatologist	

Expert	System	

Solution	

Supervised	

Learning	

Solution	

Proposed	

Framework	

Initially	high	precision	production	 Yes	 Yes	 Yes	 Yes	

Adapting	to	changes	or	requirements	

over	time	

Yes	 No	 No	 Yes	

Incorporating	external	or	non-

dermatological	factors	

No	 No	 Yes	 Yes	

Independent	from	constant	

supervision	of	an	expert		

No	 No	 Yes	 Yes	

Incorporating	patients’	feedback	to	

improve	the	products	

Yes	 No	 No	 Yes	

High	speed	analysis	and	production	 No	 Yes	 Yes	 Yes	

Cost	effective	 No	 Yes	 Yes	 Yes	

Scalable	 No	 No	 Yes	 Yes	

	

Apart	 from	 manual	 product	 generation	 by	 a	 dermatologist	 and	 the	 proposed	

framework,	possible	solutions	for	personalised	skin-care	products	do	not	incorporate	

the	patient	feedback	into	the	decision	making	of	their	production	systems.	Although	

the	dermatologist	can	consider	the	feedback	from	the	patient	to	recommend	further	

products,	this	process	is	not	as	fast	and	cost	effective	as	in	the	proposed	framework.	

To	prove	this,	the	framework	is	evaluated	on	a	real-world	case	study	of	personalised	

skin-care	products,	and	its	results	are	compared	to	an	existing	expert	system	in	chapter	

5.	The	outlined	objectives	below	are	followed	throughout	this	study	for	analysis	and	

evaluation	of	the	proposed	framework:	



 

	

36 

1. Analyse	 the	 connection	 between	 human	 skin	 characteristics	 (through	 skin	

measurementss;	such	as	skin	hydration,	elasticity,	colour,		pH,	etc.)	and	suitable	

skin-care	 formulations	 using	 a	 real	 dataset	 of	 skin-measurements	 and	

personalised	skin-care	formulations.	

2. Determine	 the	 linear	 and	 non-linear	 correlations	 between	 the	 human	 skin	

measurements	and	 their	 contribution	 to	generation	of	 the	 ingredients	of	 the	

personalised	skin-care’s	formulations.	

3. Create	a	large	dataset	of	simulated	skin-care	measurements	and	personalised	

skin-care	 ingredients	 for	 training	 the	MLAs	using	 the	combination	of	a	 small	

dermatological	dataset	and	a	skin-care	formulation	generator	(expert	system).	

4. Compare	and	select	the	most	performant	MLAs	for	generation	of	personalised	

skin-care	from	the	main	families	of	MLAs.	

5. Develop	and	train	a	core	production	model	to	predict	different	ingredients	of	

the	skin-care	formulations.	

6. Investigate	 the	 feasibility	 of	 incremental	 learning	 for	 automated	 model	

refinement	when	the	system	is	operational	and	receiving	new	patient	data	to	

improve	on	initially	limited	system	inference.	

7. Incorporate	patient’s	feedback	in	personalisation	of	the	skin-care	formulations	

and	refine	the	formulations	for	the	returning	patients	over	time.	

8. Propose	a	fast,	cost	effective	and	automatically	maintained	framework	for	mass	

personalisation	of	skin-care	products	by	combining	the	mentioned	procedures.	

9. Study	the	impacts	of	different	types	of	skin	measurements	on	the	performance	

of	 the	proposed	framework	during	personalisation	of	skin-care	products	and	

investigate	feasibility	of	feature	set	alteration.	

	

The	tasks	involved	in	achieving	the	research	objectives	are	summaries	in	Figure	1.3.	
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Figure	1.3.	Overview	of	the	tasks	involved	in	achieving	the	thesis	goals.	Tasks	1	and	2	are	performed	in	chapter	4	
and	tasks	3	and	4	are	included	in	chapter	5.	

	

1.15 Research	data	and	confidentiality	
The	 dataset	 used	 for	 evaluation	 of	 the	 techniques	 and	 concepts	 introduced	 in	 this	

study,	is	extracted	from	a	dataset	of	human	skin-measurement,	created,	sampled	and	

owned	 by	 the	 participants	 of	 the	 European	 Commission’s	 (EC)	 7th	 framework	

programme	 (FP7),	 theme	 FoF.NMP.2013-6	 “Mini-factories	 for	 customised	 products	

using	 local,	 flexible	 production,	 grant	 agreement	 no:	 609198.	 The	 project	 aimed	 to	

develop	and	demonstrate	a	mini-factory	concept	for	production	of	personalised	skin	

care	products	for	the	elderly	population.		

The	study	and	sample	extraction	are	approved	by	the	Freiburger	Ethik-Kommission	

International,	 Freiburg,	 Germany	 (Sign	 013/1441)	 and	 according	 to	 current	 good	

clinical	 practise	 regulations,	 considering	 the	 “rev.	 declaration	 of	 Helsinki”.	 All	

participants	 of	 the	 skin-sampling	 trials	 received	 detailed	 information	 about	 the	

measurements	 required	 for	 the	 study	and	 the	 risks	 involved.	All	 subjects	 signed	an	

informed	consent	prior	to	sampling	and	had	the	possibility	for	further	questioning	the	

principal	investigator.	

1.	Data	analysis	and	feature	reduction	

Case	study	dataset	introduction	

Correlations	and	Significance	

3.	Production	model	initialisation	

Feature	reduction	and	clustering	

MLA	comparison	

Production	model	training	

4.	Adaptive	product	refinement	by	

feedback	and	knowledge	update	

Iterative	Feedback	Learning	

Model	refinement	by	IL	

2.	Data	expansion	and	comparison	

Dataset	comparison	

Simulated	predictor	expansion	

Initial	formulation	generation	

Tar	
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The	dataset	includes	physical	and	biochemical	human	skin-measurements	as	well	as	

the	volunteer	patients’	completed	health	questionnaires,	completed	by	the	participants	

in	this	study.	Additionally,	a	validated	skin-care	formulation	generator	in	the	form	of	a	

decision	support	(expert)	system	from	the	same	project,	is	provided	for	the	purpose	of	

this	 thesis.	 This	 expert	 system	 is	 suitable	 for	 generation	 of	 personalised	 skin-care	

formulations	for	the	above-named	dataset.		

The	skin-measurement	data	and	the	formulation	generator	expert	system	used	in	this	

research	are	confidential	and	cannot	be	disclosed	in	this	thesis.	

	

1.16 Thesis	contribution	to	knowledge	
In	addition	to	the	stated	objectives,	the	work’s	specific	contributions	are	the	following:	

	

1. Generation	of	a	simulated	and	balanced	dermatological	dataset,	consisting	of	14	

artificial	skin-measurement	as	predictors	and	28	skin-care	ingredients	as	target	

variables.	 The	 ingredients	 include	 bases,	 actives	 and	 preservatives	 of	

corresponding	 skin-care	 formulations.	 The	 actives	 include	 physical	 and	

biochemical	measurements	such	as	Trans-epidermal	water	 loss,	Sebumetery,	

Corneometery,	 Frictometery,	 Cutometery,	 pH,	 Spektophotometery	

(SPA,SPB,SPL),	 Interlukins	 1beta,	 8	 and	 10,	 and	 Oxidation	 and	 Reduction	

measurement.	This	dataset	is	developed	and	ready	for	the	initial	training	of	an	

ML	algorithm	to	learn	producing	personalised	skin-care	formulations	based	on	

biomedical	 skin	 biomarkers	 of	 the	 observations	 in	 this	 dataset.	 This	 large	

dataset	and	the	process	of	generating	it	can	help	tackling	the	issue	of	cold	start	

for	dermatological	production	systems.	

2. Statistical	 and	 correlation	 analysis	 of	 the	 physical	 and	 biochemical	 skin-

measurements	and	feasibility	of	feature	reduction	based	on	their	interrelations	

prior	 to	 modelling.	 This	 analysis	 can	 help	 finding	 the	 optimal	 skin-

measurements	to	balance	accuracy	and	costs	for	producing	skin-care	products.	

It	can	also	be	used	to	eliminate	a	certain	measurement	or	measurement	type	

from	 medical	 trials	 during	 data	 gathering	 and	 prior	 to	 developing	 the	

production	system.	

3. Development	of	a	framework	for	adaptive	production	of	personalised	skin-care	

products.	 This	 framework	 consists	 of	 two	 ML	 models	 for	 production	 and	

refinement	of	the	products.	The	framework	structures	the	process	of	producing	
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personalised	 skin-care	 and	 adds	 flexibility	 to	 current	 expert	 system-based	

approaches,	using	state	of	the	art	machine	learning	techniques.	It	also	enables	

automatic	 incorporation	 of	 patients’	 requirements	 over	 time	 by	 iterative	

feedback	learning.	

4. Analysis	of	 the	 impact	of	different	 types	of	 skin-care	measurements,	 and	 the	

impact	of	using	expert	knowledge	as	additional	feature	sets	on	the	performance	

of	the	proposed	framework.	Despite	the	correlation	tests,	this	analysis	reveals	

non-linear	relations	between	the	measurements	and	skin-care	formulations.	It	

can	be	used	to	test	new	predictors	on	the	system	to	increase	performance	or	to	

decrease	the	number	of	predictors	and	reduce	costs	and	speed	up	the	learning	

process.	

5. Prove	 feasibility	 of	 using	 supervised	 learning	 techniques	 in	 production	 of	

personalised	 skin-care	 and	 its	 benefits	 over	 traditional	methods	 and	 expert	

systems.	

6. An	 application	 of	 machine	 learning	 in	 the	 field	 of	 dermatology.	 This	 work	

applied	 machine	 learning	 techniques	 to	 generate	 and	 personalise	 the	

ingredients	of	the	dermatological	products.	

	
	
	
1.17 Thesis	Structure	
The	thesis	follows	the	structure	outlined	in	this	section.	

	

Chapter	1.	Introduction	

	

Chapter	2.	Introduces	and	discusses	machine	learning	algorithms	in	detail.	The	chapter	

describes	main	principles	 of	 training	MLAs	 for	 supervised	 tasks	 involving	 single	 or	

multiple	 target	 variables.	 It	 emphasises	 the	 multi-target	 learning	 as	 it	 is	 the	 most	

suitable	 learning	 format	 for	 the	 ingredients	 of	 a	 personalised	 skin-care	 product.	 It	

discusses	 the	 reliability,	 training,	 evaluation	 and	 refinement	 of	 machine	 learning	

algorithms.	It	further	introduces	the	incremental	learning	algorithms	developed	from	

the	original	machine	learning	algorithms	and	their	function.	The	chapter	also	reviews	

solutions	to	possible	issues	during	the	training	stage	of	the	MLAs.	These	solutions	are	

followed	in	the	actual	training	of	these	algorithms	throughout	this	study.	
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Chapter	3.	The	modular	framework	for	generation	of	personalised	skin-care	products	

with	iterative	feedback	learning	is	introduced	in	this	chapter.	The	modules	and	units	

of	this	framework	are	explained	in	detail	and	several	novel	algorithms	and	techniques	

for	making	 these	modules	 interact	 with	 each	 other	 are	 introduced	 in	 this	 chapter.	

Knowledge	 transfer	 between	 the	 models	 in	 this	 framework	 and	 incorporation	 of	

external	features	is	also	discussed	in	this	chapter.	

	

Chapter	4.	The	case	study	in	this	research	is	introduced	in	this	chapter	and	the	available	

dataset	for	this	case	study	and	the	skin-measurements	in	this	dataset	are	described.	

The	limitations	of	the	dataset	are	discussed	and	the	solutions	for	these	limitations	are	

proposed.	 Finally,	 an	 expanded	 dataset	 of	 artificial	 skin-measurements	 which	 is	

suitable	for	ML	training	is	generated	based	on	the	procedures	proposed	in	chapter	3.	

This	 dataset	 can	 act	 as	 initial	 training	 set	 for	 the	 main	 production	 model	 in	 the	

proposed	framework.	

	

Chapter	 5.	 The	 proposed	 framework	 is	 evaluated	 in	 this	 chapter.	 The	 chapter	

introduces	 several	 task	 groups	 evaluating	 the	 main	 modules	 of	 the	 proposed	

framework.	Additionally,	a	task	group	to	assess	the	impact	of	feature	enrichment	and	

skin-measurement	 types	 on	 the	 performance	 of	 the	 models	 is	 performed.	 The	

feasibility	of	feature	reduction	to	lower	the	skin-measurement	sampling	costs	is	also	

discussed	in	this	chapter.	

	

Chapter	6.	In	the	final	chapter	the	results	of	the	conducted	research	are	summarized,	

the	 goals	 of	 the	 study	 and	 progress	 towards	 them	 are	 analysed	 and	 additional	

recommendations	for	further	work	is	proposed.	
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2 Machine	Learning	Manifesto	
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2.1 Introduction	
To	 formalise	 the	discussion	 about	building	data-driven	models,	 this	 study	 relies	 on	

machine	learning	modelling,	and	more	specifically	on	supervised	learning.	It	presents	

multiple	machine	 learning	algorithms	 that	are	utilised	 in	 this	 thesis,	 their	 inference	

generation	 algorithms	 and	 characteristics.	 It	 introduces	 incremental	 learning	

algorithms	and	practical	studies	involving	them.	

The	chapter	also	discusses	applied	machine	learning,	data	pre-processing	and	model	

fit	accuracy	evaluation	techniques.	It	specifically	emphasises	the	deep	artificial	neural	

networks,	as	they	are	 involved	in	many	successful	modern	AI	applications	 in	recent	

studies.	

	

2.2 Definition	and	history	
Machine	learning	enables	a	computer	system	to	infer	and	obtain	knowledge	from	the	

data	automatically	without	manually	setting	instructions	for	it.	Machine	learning	is	a	

blend	 of	 multiple	 disciplines	 including	 statistics,	 computational	 complexity	 theory,	

probability,	 information	theory,	neuro	biology	and	control	systems	theory	(Mitchell,	

1997).	The	learning	process	in	machine	learning	involves	identifying	underlying	links	

in	the	data	and	representing	them	in	form	mathematical	functions.	

The	initial	introduction	of	machine	learning	by	Samuel	in	1959	(Samuel,	1959)	was	in	

IBM,	where	he	developed	a	system	that	used	a	heuristic	search	algorithm	to	learn	to	

win	a	checkers	game	using	the	experience	(McCarthy	&	Feigenbaum,	1990).	The	term	

“machine	 learning”	 is	 also	 initially	 introduced	by	Samuel	 (McCarthy	&	Feigenbaum,	

1990)	and	was	defined	as	 “a	 field	of	study	 that	gives	computers	 the	ability	 to	 learn	

without	being	explicitly	programmed”	(Awad	&	Khanna,	2015).	

A	second	definition	 for	machine	 learning	was	 introduced	by	Mitchell	 in	1997	 in	his	

machine	learning	book	(Mitchell,	1997),	stating	the	definition	as	“A	computer	program	

is	said	to	learn	from	experience	E	with	respect	to	some	class	of	tasks	T	and	performance	

measure	 P,	 if	 its	 performance	 at	 tasks	 in	 T,	 as	 measured	 by	 P,	 improves	 with	 the	

experience	E”.	

Murphy	 (2012)	 gave	 a	 third	 formal	 definition	 for	 machine	 learning	 as	 “Machine	

learning	is	a	set	of	methods	that	can	automatically	detect	patterns	in	data,	and	then	use	

the	uncovered	patterns	to	predict	future	data,	or	to	perform	other	kinds	of	decision	

making	under	uncertainty”.		
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A	fourth	well-known	definition	is	from	Marsland	(2011),	defining	machine	learning	as	

“Machine	learning	is	about	making	computers	modify	or	adapt	their	actions	(whether	

these	actions	are	making	predictions	or	controlling	a	robot)	so	that	these	actions	get	

more	accurate,	where	accuracy	is	measured	by	how	well	the	chosen	actions	reflect	the	

correct	ones.”	

The	common	idea	among	all	these	definitions	is	that	the	computer	system	is	able	to	

learn	 from	data	and	perform	a	similar	 task	based	on	 that	 learning.	This	 learning	or	

hypothesis	extracted	from	the	data	is	known	as	the	model	or	hypothesis	function.		

After	The	initial	introduction	of	machine	learning,	the	field	has	constantly	grown,	and	

various	machine	learning	algorithms	have	been	developed	in	numerous	applications.	

These	algorithms	are	used	in	applications	as	simple	as	price	estimation	or	daily	use	

cases	such	as	face	recognition	to	advanced	and	complex	utilisations	for	autonomous	

driving.		

	

2.3 Machine	learning	algorithms	
Models	built	by	the	machine	learning	algorithms	are	divided	into	two	main	types	in	

terms	of	interpretability,	black-box	models	and	white-box	models.	White-box	models	

develop	their	non-parametric	hypothesis	in	an	easy	to	read	and	interpretable	way.	For	

instance,	 algorithms	 such	 as	 the	 decision	 trees,	 rule-based	 learning	 and	 nearest	

neighbours	create	white-box	models.	On	the	other	hand,	the	black-box	models	are	not	

easily	interpretable.	They	usually,	adjust	their	weights	or	parameters	to	describe	the	

data	 patterns.	 Artificial	 neural	 networks	 (ANNs)	 are	 the	 most	 well-known	 and	

successful	examples	of	black-box	models	for	complex	tasks.	In	this	study	a	combination	

of	well-known	and	proven	white-box	and	black	box	models	from	the	main	families	of	

machine	 learning	algorithms	are	selected	and	explained.	These	models	are	used	 for	

benchmarking	different	modules	of	the	proposed	framework	in	the	next	chapters	of	

this	thesis.	

	

2.4 Generalized	Linear	Models	
Generalised	linear	models	are	specially	developed	for	supervised	regression	tasks	as	

they	 implement	 parametric	 methods	 of	 analysis	 where	 a	 variety	 of	 non-Gaussian	

distributions	 are	 specified	 and	 the	way	 covariates	 act	 can	 be	modified.	Despite	 the	

utilisation	 of	 data	 transformation	 in	 a	 method	 such	 as	 ordinary	 least-squares	
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regression,	 these	models	make	direct	 inferences	about	 the	mean	cost.	However,	 the	

ordinary	least	squares	is	sometimes	considered	one	of	the	generalised	linear	models	

itself	(Nelder	&	Baker,	2004).	 In	 this	 thesis	 two	main	generalised	 linear	models,	 i.e.	

ridge	 regression	 and	 logistic	 regression	 are	 used,	 and	 their	 inference	 and	 learning	

process	is	summarised	in	this	section.	

	

2.5 Ordinary	least	squares	
Ordinary	 least	 squares	 or	 linear	 regression	 method	 is	 one	 of	 the	 most	 common	

techniques	 used	 for	 multivariate	 analysis.	 Linear	 regression	 (LR)	 minimizes	 the	

residual	sum	of	squares	between	the	seen	response	values	in	a	training	dataset	and	the	

predicted	 response	 values	 by	 fitting	 a	 linear	 approximator	 function	 or	 model.	 An	

estimate	or	model	created	by	ordinary	least	squares	method	is	illustrated	in	Figure	2.1.	

	

	
Figure	2.1.	Ordinary	least	squares	or	linear	regression	model.	The	model	fits	the	data	with	a	linear	line	that	results	
in	the	least	residual	sum	of	squares	between	the	data	points.	

The	inference	built	by	LR	follows	Equation	2.1	where	𝑖 = 1,… , 𝑛	and	n	is	number	of	

observations	(X.	Zhang,	Ullah,	&	Zhao,	2016):	

𝑦� = 	 𝑥��𝛽 + 𝑒�	, 𝑒�~	𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎~)	 Equation	2.1	

Where	𝑥�	are	independent	variables,	𝑦�	is	a	dependant	variable,	𝛽	is	a	coefficient	vector,	

T	is	the	transpose	sign	and	𝑒�	is	the	error.	Assuming	having	normal	distribution	(Stein,	

1981),	the	function	in	Equation	2.1	can	be	rewritten	in	matrix	notation	as	Equation	2.2:	

𝑦 = 𝑋	𝛽 + 𝑒	 Equation	2.2	

In	Equation	2.2	the	model	tries	to	minimise	the	error	function	in	Equation	2.3:	

min	 |𝑋	𝛽(𝑤) − 𝑦|~	 Equation	2.3	

where	 𝑤 = 	𝑤{, … ,𝑤�	as	 vector	 of	 weights	 corresponding	 to	 the	 candidate	 models	

(Hansen,	2007;	X.	Zhang	et	al.,	2016).	



 

	

45 

	

2.6 Ridge	regression	
Ridge	regression	(RR)	was	introduced	for	the	first	time	in	1970	by	Hoerl	and	Kennard		

(Hoerl	&	Kennard,	1970).	It	was	made	based	on	and	considered	an	alternative	to	the	

linear	regression	method.	Linear	regression’s	performance	is	considered	poor	when	

the	multicollinearity	is	available	in	the	data.	Ridge	regression	is	developed	to	overcome	

this	issue	in	linear	regression	models.	Ridge	parameter	is	the	additional	parameter	in	

ridge	 regression	 that	 facilitates	moving	 the	 bias	 towards	 the	mean	 of	 the	 response	

variable	in	regression.	Many	research	works	around	ridge	regression	aimed	at	finding	

a	good	ridge	parameter	and	various	researches	have	proposed	techniques	for	selecting	

the	ridge	parameter	in	addition	to	the	one	originally	introduced	by	Hoerl	and	Kennard	

(Dorugade,	2014;	Pasha	&	Shah,	2004;	Shukur,	2005).	

Having	the	Equation	2.4	formula	for	estimating	coefficients	from	the	previous	linear	

regression	model	(Hoerl	&	Kennard,	1970):	

𝛽�� = (𝑋�𝑋)	�{𝑋�𝑦	 Equation	2.4	

	

the	coefficients	of	the	ridge	regression	can	be	calculated	using	Equation	2.5	(Hoerl	&	

Kennard,	1970):	

𝛽�� = (𝑋�𝑋 + 𝜆𝐼)	�{𝑋�𝑦	 Equation	2.5	

As	it	can	be	seen	from	the	formulation	above	a	small	tuning	parameter	𝜆	(multiplied	

by	the	identity	matrix	I)	is	added	to	the	LR	coefficients	along	the	diagonals	of	the	𝑋�𝑋.	

In	situations	where	features	of	a	dataset	are	highly	correlated,	 	𝑋�𝑋	inverse	 is	non-

existent	resulting	in	the	LR	model	not	being	unique.	Adding	the	𝜆𝐼	makes	the	matrix	

𝑋�𝑋 + 𝜆𝐼	always	inversible.	If	𝜆 = 0	RR	equals	LR	and	in	𝜆 = ∞	the	coefficients	become	

zero.	Hence	the	appropriate	𝜆	is	between	zero	and	infinity.	

	

2.7 Logistic	regression	
Despite	 its	 name,	 logistic	 regression	 is	 a	 classification	 model.	 It	 is	 also	 known	 as	

maximum	entropy	classification	or	MaxEnt	(Nigam,	Lafferty,	&	McCallum,	1999).	The	

model	uses	a	logistic	function	to	describe	the	maximum	likelihood	or	probabilities	of	

an	 observation	 belonging	 to	 a	 class	 (Hosmer,	 2000).	 The	 maximum	 likelihood	

estimation	 in	 logistic	 regression	model	performs	parameter	estimates	based	on	 the	
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observed	data	to	maximise	the	probability	of	putting	the	observations	into	the	correct	

classes.		

Assume	 an	 independent	 variable	 x	 which	 variable	 C	 is	 dependant	 of,	 the	 logistic	

function	defining	the	dependant	variable	C	follows	Equation	2.6	(X.	Zhang	et	al.,	2016):	

𝑓(𝑥) = 	
1

1 + 𝑒�¡ 	 , 𝑥 ∈ ℝ	 Equation	2.6	

Assuming	the	conditional	mean	of	𝐶	as	𝐸(𝐶|𝑥),	the	linear	form	of	this	conditional	mean	

can	be	calculated	as	Equation	2.7:	

𝐸(𝐶|𝑥) = 	𝛽¥ + 𝛽{𝑥{ + 𝛽~𝑥~ + ⋯+ 𝛽§𝑥§	 Equation	2.7	

Where	𝛽¥, …𝛽§	are	constants	representing	unknown	parameters	being	set	during	the	

training	 stage	of	 the	model.	Combination	of	 the	above	 two	equations	and	assuming	

𝜋(𝑥) = 	𝐸(𝐶|𝑥)	for	 simplicity	 (Hosmer,	 2000),	 will	 result	 in	 the	 logistic	 regression	

model	in	Equation	2.8:	

𝜋(𝑥) = 	
1

1 + 𝑒�(©ª�©«¡«�©¬¡¬�⋯�©¡)
			 Equation	2.8	

Where	𝜋	is	the	response	probability,	𝛽{, … , 𝛽§	are	the	coefficients	of	the	regression	and	

𝛽¥	is	the	intercept	(X.	Zhang	et	al.,	2016).	

	

2.8 Discriminant	Analysis	
Discriminant	analysis	is	a	regularly	used	and	widely	suitable	classification	technique	

in	 biological	 research	 works.	 The	 goal	 of	 discriminant	 analysis	 is	 to	 assign	 an	

observation	 in	 the	data	 to	one	of	several	classes	based	on	 the	observation	 features.	

There	are	various	methods	proposed	for	discriminant	analysis	especially	 in	medical	

and	 biological	 research.	 Two	 of	 the	most	 used	 parametric	methods	 are	 the	 Linear	

discriminant	analysis	 (LDA)	and	 the	quadratic	discriminant	analysis	 (QDA)	(Cugini,	

Leone,	Strazzera,	&	Kawasaki,	1988).	LDA	function	is	based	on	an	assumption	that	the	

variables	are	normally	distributed	in	each	group.	It	also	assumes	that	the	classes	have	

different	 mean	 vectors	 but	 common	 covariance	 matrices.	 On	 the	 other	 hand,	 QDA	

assumes	 that	 the	 covariance	matrices	 of	 the	 groups	 are	 not	 identical,	 and	 they	 are	

group	specific.	LDA	is	proven	robust	in	situations	where	there	are	deviations	from	the	

initial	multivariate	normality	assumption	in	features	and	also	in	provision	of	allocation	

rules	when	the	features	of	the	observations	are	discrete	(Grouven,	Bergel,	&	Schultz,	

1996;	McLachlan,	2004).		
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Both	linear	and	quadratic	discriminant	analysis	are	performed	by	a	max	gate	function	

as	 classification	 rule	 𝑔(𝑋).	 The	 previous	 probability	 of	 class	 𝑖	 is	 𝜋�.	 𝑓�(𝑋)	 is	 the	

conditional	 density	 of	 class	 𝑖	 (Marsland,	 2011).	 It	 is	 assumed	 that	 the	 vector	 of	

features	𝑋	has	a	mean	vector	𝜇�	and	𝑔�(𝑋) > 𝑔°(𝑋)	for	𝑗 ≠ 𝑖	with	Gaussian	densities	

and	𝑋	belonging	to	class	𝑖.	

The	𝑓�(𝑋)	and	𝑔�(𝑋)	for	the	LDA	and	QDA	can	be	calculated	by	Equation	2.9,	Equation	

2.10	and	Equation	2.11	assuming	Σ	as	common	covariance	of	the	LDA	and	Σ�	as	group	

specific	covariance	of	the	QDA:	

𝑓�(𝑋) =
1

√2𝜋µ¶|Σ�|
exp	[−

1
2 (𝑋 − 𝜇�)

�·(𝑋 − 𝜇�)
�{

�

]	 Equation	2.9	

𝑔�(𝑋)�¸� = 	𝑋�·𝜇�

�{

�

−
1
2 𝜇�

�·𝜇�

�{

�

+ log	(𝜋�)	 Equation	2.10	

𝑔�(𝑋)¹¸� = 	−
1
2
(𝑋 − 𝜇�)�·(𝑋 − 𝜇�)

�{

�

−
1
2 log	(|Σ�|) + log	(𝜋�)	

Equation	2.11	

Where	𝑃	is	the	dimension	factor	equal	to	1	for	LDA	and	2	for	QDA	(Kim,	Choi,	Moon,	&	

Mun,	2011).	

Compared	to	the	QDA,	LDA	is	a	less	flexible	classifier	than	QDA	with	substantially	lower	

variance	which	can	lead	to	better	classification	performance.	Although	the	assumption	

of	all	predictor	variables	having	a	common	variance	over	every	class	is	can	result	in	

LDA	suffering	from	high	bias.	Generally,	LDA	is	assumed	to	perform	better	than	QDA	

when	there	are	a	few	training	observations	and	variance	reduction	is	essential.	On	the	

other	hand,	QDA	tends	to	perform	better	on	larger	training	sets	where	the	variance	of	

the	variables	is	not	an	issue.	

	

2.9 Support	Vector	Machines	
Support	 vector	 machines	 (SVMs)	 (Cortes	 &	 Vapnik,	 1995)	 are	 one	 of	 the	 newest	

machine	 learning	 families	 for	both	classification	and	regression	supervised	 learning	

tasks.	SVM	model	considers	observations	as	points	in	the	space,	then	it	creates	a	model	

function	that	separates	them	with	a	hyperplane	in	a	way	that	the	observations	have	a	

separation	gap	with	maximum	possible	margin	(Burges,	1998;	Cristianini	&	Shawe-

Taylor,	2000).	Considering	data	to	be	linearly	separable,	there	is	always	a	(𝑍, 𝑟)	that:	
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𝑍�𝑥� + 𝑟 ≥ 1		𝑓𝑜𝑟		𝑎𝑙𝑙	𝑥� ∈ 𝑃	 Equation	2.12	

𝑍�𝑥� + 𝑟 ≤ −1		𝑓𝑜𝑟		𝑎𝑙𝑙	𝑥� ∈ 𝑁	 Equation	2.13	

	

and	the	decision	rule	following	Equation	2.14:	

𝑓(½,¾)(𝑥) = 𝑠𝑔𝑛(𝑍�𝑥 + 𝑟)	 Equation	2.14	

Where	Z	represents	the	weight	vector	and	r	represents	the	bias.	

To	separate	the	classes	linearly	and	to	maximise	the	hyperplane	margins	the	squared	

norm	 of	 the	 separating	 hyperplane	 needs	 to	 be	 minimised	 as	 a	 convex	 quadratic	

programming	problem	(QP)	following	Equation	2.15:	

𝜙(𝑍) = 	
1
2 |𝑍|

~	,						𝑦�(𝑍�𝑥 + 𝑟) ≥ 1,						𝑖 = 1,… , 𝑘	 Equation	2.15	

An	 example	 SVM	 model	 maximising	 the	 margin	 for	 a	 binary	 classification	 task	 is	

illustrated	in	Figure	2.2.		

	
Figure	2.2.	SVM	algorithm	has	maximized	the	margins	between	the	two	classes	in	a	binary	classification	task.	This	
has	been	performed	by	finding	the	optimal	hyperplane	between	the	classes	during	the	training	stage.	The	gained	
knowledge	during	the	training	is	stored	in	form	of	a	model.		This	model	can	be	used	to	classify	new	data	into	these	
classes	in	the	future.	

The	observation	points	on	the	hyperplane	margin;	also	called	support	vector	points;	

are	the	only	ones	that	are	not	ignored	by	the	model,	Hence	the	complexity	of	data	and	

number	of	features	has	no	significant	impact	on	the	complexity	of	the	SVM	model.	Thus	
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SVM’s	are	good	candidates	 for	datasets	with	 large	 features	(Kotsiantis,	Zaharakis,	&	

Pintelas,	2007).	

In	 1999	 Veropoulos	 (Veropoulos,	 Campbell,	 &	 Cristianini,	 1999)	 introduced	 soft	

margins	for	the	SVM	to	resolve	an	issue	with	SVMs	not	being	able	to	select	the	optimal	

hyperplane	 due	 to	 data	 not	 being	 linearly	 separable.	 Soft	 margins	 (positive	 slack	

values)	𝜉 ≥ 0	also	known	as	a	sensitivity	controller	of	 the	SVM	are	 implemented	 in	

Equation	2.16	and	Equation	2.17:	

𝑍. 𝑥� − 𝑟 ≥ +(1 − 𝜉)			𝑓𝑜𝑟		𝑦� = 	+1		 Equation	2.16	

𝑍. 𝑥� − 𝑟 ≤ −(1 − 𝜉)			𝑓𝑜𝑟		𝑦� = 	−1		 Equation	2.17	

	

Where	 𝑖 = 1,… ,𝑁.	Using	 the	 equations	 above	 the	 error	 (not	 finding	 the	 separating	

hyperplane)	 can	 only	 occur	 if	 𝜉 ≥ 1.	 Hence	 the	 function	 in	 Equation	 2.18	 is	 to	 be	

minimised	(Veropoulos	et	al.,	1999):	

𝜙(𝑍) =
1
2
|𝑍|~ + 𝐶·𝜉�

�

−·𝛼�
�

{	𝑦�(𝑥�. 𝑧 − 𝑟) − 1 + 𝜉�} −·𝜉�ℒ�
�

	 Equation	2.18	

Where	ℒ�	are	the	Lagrange	multipliers,	to	ensure	the	𝜉� ∈ 𝑃.		

For	instances	where	the	data	is	not	linearly	separable,	and	no	hyperplane	to	separate	

the	data	can	be	found,	mapping	the	data	to	a	high	dimensional	space	is	proposed.	In	

this	way	given	the	correct	space	and	coefficients	can	be	found	in	which	the	problem	

can	be	solved	linearly,	and	given	sufficient	computational	power	is	available,	almost	

any	non-linear	problem	can	be	solved	by	the	SVM.	

	

2.10 K-Nearest	Neighbours	
K-nearest	neighbour	(KNN)	(Cover	&	Hart,	1967)	is	a	lazy	learning	algorithm	(Mitchell,	

1997)	 that	 is	 developed	 based	 on	 the	 assumption	 that	 the	 observations	 that	 have	

similar	characteristics	in	the	dataset	are	located	in	close	proximity	of	each	other	in	an	

n	dimensional	space.	This	method	can	be	used	for	both	classification	and	regression	

tasks.	 If	 the	 observations	 are	 labelled,	 the	 labels	 of	 unseen	 observations	 can	 be	

identified	through	calculating	their	distance	to	the	k	nearest	observations	and	finding	

the	most	frequent	class	to	the	observation.	Hence	the	position	of	the	observations	is	

not	as	important	as	the	distance	between	the	observations	for	this	method.	



 

	

50 

The	observations	in	the	dataset	are	viewed	as	individual	points	in	an	n-dimensional	

space	to	the	KNN	and	the	space	dimensions	n	are	equal	to	the	number	of	features	in	

the	dataset.	

The	inference	function	for	the	KNN	must	minimise	the	distance	between	the	similarly	

labelled	 observations	 and	 maximise	 the	 distance	 between	 the	 non-similar	

observations.	 Several	 distance	 functions	 for	 KNN	 are	 proposed,	 three	 of	which	 are	

presented	below	(Padraig	Cunningham	&	Delany,	2007;	Kotsiantis	et	al.,	2007):	

	

Euclidean	 𝑓(𝑥, 𝑦) = 	È·|𝑥� − 𝑦�|~
�

�É{

	 Equation	2.19	

Chebyshev	 𝑓(𝑥, 𝑦) = 	max
�
|𝑥� − 𝑦�|	 Equation	2.20	

Camberra	 𝑓(𝑥, 𝑦) =·	
|𝑥� − 𝑦�|
|𝑥� + 𝑦�|

�

�É{

	 Equation	2.21	

	

Selection	of	k	is	one	of	the	most	significant	factors	in	performance	of	the	KNN.	However,	

there	 is	 no	 framework	 for	 selecting	 K	 (centroids)	 other	 than	 comparing	 different	

values	for	k.	It	is	reported	that	(Okamoto	&	Yugami,	2003)	higher	K	will	result	in	better	

results	in	noisy	datasets	and	lower	K	tends	to	achieves	better	precision	when	there	is	

imbalance	or	small	classes	in	the	datasets.	

	

2.11 Naïve	Bayes	
Naïve	Bayes	(NB)	or	Gaussian	Naïve	Bayes	(GNB)	algorithms	are	simple	probabilistic	

classifiers	 that	 apply	 the	 Bayes	 theorem	 assuming	 that	 the	 dataset	 features	 are	

independent.	 The	 feature	 independence	 is	 the	 only	 common	 principal	 between	 the	

family	of	NB	algorithms.	NBs	are	composed	of	acyclic	graphs	with	one	parent	for	the	

corresponding	class	and	multiple	children	representing	the	features	in	an	observations	

(Good,	1950;	Kotsiantis	et	al.,	2007).	The	NB	classifier	probability	function	introduced	

by	Nilsson	(Nilsson,	1965)	for	one	class	is	provided	in	Equation	2.22:	

𝑃(𝑦|𝑋) = 𝑃(𝑦)𝑃(𝑋|𝑦) = 𝑃(𝑦)Ë𝑃(𝑋|𝑦)	 Equation	2.22	

	

The	NB	model	function	for	a	multi-class	classification	is	provided	in	Equation	2.23:	
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𝑃(𝑦|𝑋) = 𝑎𝑟𝑔max
Ì
𝑃(𝑦Ì)Ë𝑃(𝑥�|𝑦Ì)

§

�É{

		 Equation	2.23	

Where	n	is	the	number	of	observations	and	k	is	the	number	of	classes.	

Although	NB	assumption	of	independent	features	in	the	dataset	is	usually	not	accurate	

and	these	models	are	usually	less	accurate	than	the	other	classification	methods,	the	

study	by	Huang,	et	al.	(2003)	shows	that	this	method	can	be	superior	to	the	well-known	

rule	 based,	 support	 vector	 machine	 based	 and	 tree	 based	 algorithms	 in	 domains	

containing	clear	attribute	dependencies.		

	

2.12 Decision	Trees	
Decision	 trees	 are	 structures	 similar	 to	 flowcharts.	 Each	 node	 in	 a	 decision	 tree	

represents	a	condition	on	a	feature	in	the	data	and	each	branch	represents	the	outcome	

of	the	condition.	In	classification	each	leaf	node	represents	a	class	and	in	regression	

each	 leaf	 represents	 a	 value.	 Decision	 trees	 are	 among	 the	 fastest	 algorithms	 for	

supervised	learning.	

One	of	the	early	works	on	decision	trees	(Morgan	&	Sonquist,	1963)	shows	that	they	

have	been	used	for	regression	initially	in	1960s.	There	were	many	developments	and	

research	work	around	decision	trees	and	many	great	decision	tree-based	algorithms	

are	developed	since.	One	of	the	most	significant	decision	tree	algorithms	Classification	

and	Regression	Trees	 (CART)	was	 introduced	by	Leo	Breiman	 in	1984	(L	Breiman,	

Friedman,	Olshen,	&	Stone,	1984)	as	an	umbrella	term	for	both	supervised	 learning	

tasks	by	decision	trees.	Quinlan	in	“introduction	of	decision	trees”	introduced	his	first	

decision	tree	algorithm	ID3	(Quinlan,	1986)	or	iterative	Dichotomiser	as	an	algorithm	

to	grow	a	decision	tree	from	a	dataset	in	1986.	His	further	research	around	decision	

trees	resulted	in	his	more	advanced	C4.5	and	C5.0	decision	tree	as	extensions	to	ID3.	

C4.5	is	known	as	the	land	mark	decision	tree	algorithm	that	is	most	widely	used	to	date	

(Witten,	Frank,	Hall,	&	Pal,	2016).	The	extension	C4.5	algorithm	was	able	 to	handle	

both	 continues	 and	 discrete	 features	 as	 well	 as	 handling	 missing	 values	 and	 also	

pruning	trees	after	creating	them.	The	C5.0	algorithm	(also	known	as	See5)	improved	

in	C4.5’s	speed,	memory	usage	and	support	for	boosting	which	ultimately	improves	on	

decision	trees’	accuracy.	An	example	decision	tree	is	illustrated	in	Figure	2.3.	shows	

the	training	set	for	the	example	decision	tree	in	Figure	2.3.	the	decision	tree	will	set	its	

nodes’	conditions	and	the	number	of	leaves	and	branches	after	training	on	the	example	
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dataset.	Table	2.1	shows	the	required	training	set	for	the	decision	tree	to	infer	the	rules	

illustrated	in	Figure	2.3.	

	

	
Figure	2.3.	Decision	tree	grown	for	a	binary	class	classification	task.	F1	is	the	root	node,	F2	and	F3	are	the	internal	
nodes	and	A	and	B	are	the	leaf	nodes	and	a1,	b1,	a2,	b2	and	c2	are	the	branches	of	this	tree.		

Table	2.1.	Training	set	for	the	example	decision	tree.	The	three	first	columns	represent	the	dataset	features	and	the	
class	columns	contains	the	class	for	each	observation.	

F1	 F2	 F3	 Class	

a1	 a2	 c2	 A	

a1	 b2	 c2	 B	

b1	 b2	 c2	 A	

b1	 b2	 c2	 A	

	

To	 grow	 the	most	 optimal	 decision	 tree	 the	 feature	 that	 divides	 the	 data	 the	most	

effectively	will	 be	 selected	 as	 the	 root	 node	 for	 the	 decision	 tree.	 Various	 research	

studies	have	proposed	methods	to	find	this	unique	and	important	feature.	Information	

gain	(Hunt,	Marin,	&	Stone,	1966)	and	Gini	index	(L	Breiman	et	al.,	1984)	are	two	of	

the	most	well-known	methods.	Although	studies	suggest	that	there	is	no	best	method	

to	 find	 the	 optimal	 features	 for	 the	 decision	 tree	 nodes	 (Murthy,	 1998),	 it	 is	 still	

important	 to	 compare	 select	 the	 right	 for	 a	 typical	 dataset.	 After	 finding	 the	 root	

feature,	the	same	technique	should	be	used	to	divide	the	dataset	and	create	sub-trees	

recursively	until	reaching	the	final	leaves	for	the	classes.		

	

2.13 Ensemble	Methods	
Ensemble	methods	use	various	learning	algorithms	to	achieve	a	better	performance	

than	any	of	their	component	algorithms	alone	(Opitz	&	Maclin,	1999;	Polikar,	2006;	
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Rokach,	 2010).	 Using	 a	 combination	 of	 algorithms	 as	 an	 ensemble	 method	 also	

increases	the	flexibility	of	the	method	by	combining	the	degrees	of	freedom	each	of	the	

constituent	learning	algorithms	offer.	Ensembles	usually	compensate	for	poor	(base)	

learning	algorithms	by	including	numerous	numbers	of	such	algorithms	and	selecting	

from	the	multiple	generated	hypotheses	of	these	base	learners.	Ensembles	commonly	

use	fast	base	learners	such	as	decision	trees	(such	as	random	forests)	however	slower	

base	learners	can	also	benefit	from	ensemble	learning	techniques.	

Two	common	ensemble	types	i.e.	bootstrap	aggregating	and	boosting	are	explained	in	

this	section.	

	

2.13.1 Bootstrap	aggregating		
Bootstrap	aggregating	(bagging)	is	to	have	each	constituent	learner	vote	with	an	equal	

weight	on	the	final	 target	of	 the	supervised	task.	To	train	the	base	 learners	bagging	

draws	random	subsets	from	the	training	set	for	each	learner.	Given	a	training	data	set	

of	size	M	bagging	generates	n	new	training	subsets	of	size	m	by	sampling	uniformly	

from	the	original	dataset	with	replacement.	Finally,	n	models	based	on	base	learners	

are	trained	over	the	n	bootstraps	of	the	original	dataset	and	their	predictions	will	be	

aggregated,	averaged	for	regression	or	voted	for	classification	to	come	up	with	the	final	

prediction.	Bagging	has	shown	significant	 improvement	when	using	models	such	as	

CART	 and	 artificial	 neural	 networks	 as	 base	 learners.	 However,	 there	 are	 studies	

showing	that	the	performance	of	a	base	learner	such	as	the	KNN	is	better	than	a	bagged	

KNN	(Sahu,	Runger,	&	Apley,	2011;	Shinde,	Sahu,	Apley,	&	Runger,	2014).	The	stability	

and	 instability	 of	 the	 base	 learners	 themselves	 play	 an	 important	 role	 in	 their	

performance	 as	 base	 learners	 for	 bagging	 as	 bagging	 tends	 to	 reduce	 instability	 in	

MLAs.	

	

2.13.2 Random	Forests	
Random	 forests	 (RF)	 are	 one	 of	 the	 most	 well-known	 ensemble	 techniques	 using	

bootstrap	 aggregating.	 They	 are	 known	 to	 be	 the	most	 successful	 general-purpose	

algorithms	 of	 the	 modern	 machine	 learning.	 RF	 is	 a	 powerful	 ensemble	 learning	

algorithm	 initially	 introduced	by	Breiman	 (2001)	which	 is	 an	 ensemble	of	decision	

trees	that	their	predictions	are	aggregated	by	voting	for	majority.	

Assume	having	P	independent	observations.	Since	the	variance	of	the	mean	of	these	

observations	is	 lower	than	the	variance	if	 the	individual	observations,	by	building	P	
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different	regression	trees	for	an	observation	x	the	mean	value	of	predictions	from	the	

P	 regression	 trees	will	 have	a	 lower	variance.	The	mean	value	of	 the	predictions	 is	

provided	in	Equation	2.24:	

𝑅�ÍÎ§(𝑥) = 	
1
𝑃·𝑅�(𝑥)

µ

�É{

	 Equation	2.24	

To	have	P	arbitrary	sample	datasets,	P	subsets	if	the	training	dataset	can	be	drawn	by	

bootstrapping,	i.e.	random	sampling	of	the	original	dataset	with	replacement	(Efron	&	

Tibshirani,	1994).	Therefore,	bootstrapped	decision	tree	regressors	or	a	random	forest	

regressor	can	generate	significantly	more	accurate	predictions	by	generating	various	

trees	from	random	samples	and	averaging	their	predicted	values.	Figure	2.4	illustrates	

an	example	random	forest	regressor	example	over	a	one-dimensional	training	data.	

	
Figure	2.4.	Illustration	of	the	bootstrap	aggregation	technique.	As	an	example,	a	random	forest	regressor’s	learning	
procedure	on	a	sample	dataset	is	presented	in	four	stages.	

It	is	observed	in	Figure	2.4	that	the	average	of	the	3	trees	have	a	lower	variance	than	

each	individual	tree	and	is	also	more	accurate.	Each	tree	in	the	random	forests	will	be	

grown	with	a	different	structure	and	the	decision	paths	the	trees	would	be	different.	

Despite	bootstrapping	where	the	trees	are	grown	using	the	dataset	the	random	forests	
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select	a	smaller	subset	of	the	features	 in	the	dataset	to	grow	the	trees.	 In	situations	

where	there	is	a	predictor	with	strong	effect	of	the	top	split,	trees	grown	under	bagging	

will	be	very	similarly	grown	and	hence	correlated.	Thus,	the	variance	of	the	average	

may	 not	 be	 as	 low	 as	 expected.	 RF	 in	 such	 situations	 will	 benefit	 from	 randomly	

selected	 features	which	 can	 eliminate	 the	 effect	 of	 a	 very	 strong	 feature	 having	 an	

impact	on	all	grown	trees.	

In	random	forest,	a	variable	𝑋Ï	is	chosen	by	the	optimisation	step	at	each	node	of	a	

decision	tree	for	splitting	to	minimise	the	squared	error	risk.	Having	𝑙§~	as	the	maximal	

enhancement	of	 the	squared	error	 for	a	constant	 fit	by	choosing	 the	variable	 	𝑋Ï	 in	

decision	tree	T,	the	feature	importance	for	a	random	forest	model	can	be	formulated	

in	Equation	2.25	for	a	RF	with	D	trees	and	J	internal	nodes	(Hastie,	Trevor,	Tibshirani,	

Robert,	Friedman,	2009;	Partopour,	Paffenroth,	&	Dixon,	2018):	

𝐿Ï~ (𝑅𝐹) =
1
𝐷·𝐿Ï~ (𝑇Ó)

¸

ÔÉ{

												where								𝐿Ï~ (𝑇) = ·𝑙§~
Õ�{

ÖÉ{

			 Equation	2.25	

By	using	the	above	equation,	the	importance	of	each	feature	in	the	dataset	for	a	typical	

task	can	be	obtained	after	the	training	stage	of	the	RF.	Feature	importance	by	modelling	

(RF	in	this	case)	is	extremely	useful	to	prevent	collecting	redundant	features,	reduce	

computation	costs	and	to	increase	the	model	speed.		

Several	studies	have	utilised	RF	for	dermatological	research.	The	study	by	Cho	(Cho,	

Haider,	 Amelard,	Wong,	&	 Clausi,	 2014)	 proposed	 a	 skin-	 feature	 extraction	model	

using	an	RF	regressor	to	extract	the	concentration	of	two	skin	features;	eumelanin	and	

pheomelanin	from	the	medical	images.	Another	study		(Ozcift	&	Gulten,	2012)	uses	an	

RF	multi-class	classifier	for	diagnosis	of	multiple	Erythemato-Squamous	Diseases.	As	

explained	in	chapter	1,	machine	learning	is	mainly	used	for	diagnosis	and	condition	

detection	in	dermatology	research.	

	

2.13.3 Extremely	Randomised	Trees	
Extremely	 randomised	 trees	 or	 ExtraTrees	 (EXTREE)	 method	 (Geurts,	 Ernst,	 &	

Wehenkel,	 2006)	 is	 a	 supervised	 learning	method	 for	 classification	 and	 regression.	

ExtraTrees	strongly	randomises	the	features	and	cut-point	choice	while	splitting	a	tree	

node.	It	creates	totally	randomised	trees	with	structures	independent	of	the	target	or	

class	values	of	the	dataset.	The	difference	between	ExtraTrees	and	other	tree-based	

ensembles	is	that	it	splits	the	tree	nodes	by	selecting	fully	random	cut-points.	Also,	it	
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uses	 the	 full	 training	 sample’s	 features	 to	 grow	 the	 trees	 rather	 than	 selecting	 a	

bootstrap	of	them,	unlike	the	random	forests.	

The	pseudo	code	for	the	ExtraTrees	node	splitting	algorithm	is	provided	in	Table	2.2	

(Geurts	et	al.,	2006).	
Table	2.2.	Simplified	pseudo	code	for	ExtraTrees	node	splitting	algorithm.	This	algorithm	is	the	main	difference	
between	Random	Forest	and	ExtraTrees.	

Input	subset	D	with	features	𝐹� = {𝑓{, … , 𝑓×}	,	

	𝑓��§ = min	(𝐹�)	and		𝑓�Î¡ = 𝑚𝑎𝑥	(𝐹�)	

Output	a	split	

do	draw	K	splits		

do	pick	K	random	splits	{𝑆{, … , 𝑆×}	having		𝑆�[𝑓 < 𝑓Ù]	by	𝑓Ù = 𝑅𝑎𝑛𝑑(𝑓��§, 𝑓ÛÜÝ	)	,	where	𝑖 = 1,… , 𝐾	

do	pick	�̇�	that	satisfies	the	following	𝑆𝑐𝑜𝑟𝑒á�̇�, 𝑆â = max
�É{,..,×

𝑆𝑐𝑜𝑟𝑒(𝑆�, 𝑆)	

Return	�̇�	

	

Several	studies	have	shown	superior	performance	of	ExtraTrees	in	comparison	to	the	

other	ensemble	methods	such	as	Random	Forests	and	even	artificial	neural	networks	

(Galelli	&	Castelletti,	2013;	Scalzo,	Hamilton,	Asgari,	Kim,	&	Hu,	2012).	However,	this	

superior	performance	is	specific	to	the	tested	datasets	and	cannot	be	generalised.	

The	 study	 by	 Afifi	 (Afifi	 &	 Amin,	 2017)	 is	 an	 example	 of	 utilising	 the	 ExtraTrees	

algorithm	 in	 area	 of	 dermatology.	 It	 introduces	 an	 automatic	 Melanoma	 diagnosis	

system	 in	 dermoscopic	 images.	 The	 study	 extracts	 a	 large	 set	 of	 features	 from	 the	

normalized	tumour	images.	It	then	uses	an	ExtraTrees	classifier	to	mimic	a	well-known	

clinical	diagnosis	tool.	Additionally,	it	performs	feature	selection	by	finding	the	most	

prominent	set	of	features	by	recursive	feature	elimination	via	an	RF	classifier.	

	

2.13.4 Boosting	
Boosting	 is	another	ensemble	 learning	algorithm	with	a	 fundamental	aim	to	reduce	

variance	 and	 bias	 in	 supervised	 learning	 (Leo	 Breiman,	 1996).	 The	main	 question	

resulting	in	boosting	algorithm	was	whether	it	is	possible	to	use	a	set	of	weak	learners	

to	 create	 a	 single	 strong	 learner	 (Kearns,	 1988;	 Kearns	 &	 Valiant,	 1994).	 Robert	

Schapire	 answered	 Kearns’s	 question	 about	 boosting	 in	 his	 paper	 two	 years	 later	

(Schapire,	 1990).	 Boosting	 algorithms	 reweight	 the	 weak	 learners	 by	 increasing	

weights	on	misclassified	data	and	reducing	the	weights	for	the	ones	correct	classified	

in	 the	 past.	 In	 Boosting	 similar	 to	 bagging	 a	 voting	 or	 averaging	 of	 multiple	 base	

learners	will	 result	 in	 a	 final	 prediction.	 However,	 bagging	 builds	 the	 base	models	
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separately	while	 in	boosting	each	built	model	 is	affected	by	 the	performance	of	 the	

models	created	before	 it.	Thus,	boosting	puts	weights	on	the	models	based	on	their	

performance	compared	 to	 setting	equal	weights	 to	all	models.	Although	 it	 starts	by	

setting	al	the	weights	equally	initially.	

The	 initial	 boosting	 algorithms	 by	 Schapire	 (majority	 gate)	 (Schapire,	 1990)	 and	

Freund	(boost	by	majority)	(Mason,	Baxter,	Bartlett,	&	Frean,	2000)	were	not	able	to	

take	full	advantage	of	the	week	learners	as	they	were	not	adaptive.		

	

2.13.5 Adaboost	
Adaboost	 or	 adaptive	 boosting	 was	 initially	 introduced	 by	 Schapire	 and	 Freund	

developed	 to	 add	 adaptivity	 to	 boosting	 (Freund,	 Schapire,	&	Abe,	 1999;	 Freund	&	

Schapire,	1996)	to	take	advantage	of	all	the	week	learners.	Adaboost	adaptively	sets	

and	resets	weight	of	all	of	its	weak	classifiers	and	finally	predicts	the	outcome	using	

Equation	2.26	(Freund	et	al.,	1999):	

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(·𝜃�𝑓�(𝑥))
ä

�É{

	 Equation	2.26	

	

Where	𝑓�	 is	 the	 𝑖𝑡ℎ	base-learner	 and	𝜃�	 is	 the	weight	 of	 the	 𝑖𝑡ℎ	base-learner	 for	 an	

Adaboost	using	N	base-learners.	

The	 pseudo	 code	 for	 the	 Adaboost’s	 training	 and	 weight	 updating	 algorithm	 is	

provided	as	a	pseudo	code	in	Table	2.3	(Freund	&	Schapire,	1996).	

	
Table	2.3.	Pseudo	code	for	the	Adaboost’s	weight	updating	algorithm.	

Input	Training	set	D,	normalisation	factor	Zç	for	the	pth	weak-learner	

Output	Updated	weights	for	Adaboost	

do	Fit	weak-learners	on	D	with	equal	data	weights				w(xè, yè) =
{
Ö
	, i = 1, . . . , n			

do	Calculate	the	error	εç	for	the	pth	weak-learner	

do	Calculate	the	weights	for	the	pth	weak-learner				θç =
{
~
ln	({�ëì

ëì
)	

do	Update	the	weight	for	each	data	point		wç(xè, yè) =
			íì(Ýî,ïî)ðÝç	[�ñìïîòì(Ýî)]

óì
	

	

2.14 Artificial	neural	networks	
Artificial	neural	networks	(ANNs)	are	black-box	models	approximating	an	output	from	

a	given	dataset.	ANNS	are	inspired	by	the	biological	neural	networks	and	are	capable	
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of	 approximating	 complex	 linear	 and	 non-linear	 functions	 (Mitchell,	 1997).	 ANNs	

consist	 of	 three	 layers	 of	 artificial	 neuron	units	 or	nodes.	The	 first	 layer	 taking	 the	

features	of	the	dataset	as	input	(𝑖)	is	called	the	input	layer.	The	last	layer	is	the	output	

layer	and	consists	of	the	output	nodes	(𝑘).	The	middle	layer	is	called	the	hidden	layer	

consisting	of	hidden	layer	nodes	(𝑗).	In	a	fully	connected	ANN	each	node	in	each	layer	

is	connected	 to	all	nodes	 in	 the	next	 layer	and	each	connection	 is	associated	with	a	

weight	(𝑤).	Each	node’s	value	can	be	calculated	using	Equation	2.27:	

ℎ° = ô·𝑥�𝑤�°

§

�É�

õ +	𝑏°	 Equation	2.27	

Where	𝑏°	is	the	bias	value	for	the	hidden	nodes,	n	is	the	number	of	inputs	to	the	node	

and	𝑤�°	 is	 the	weight	between	the	 input	nodes	and	 the	hidden	nodes.	Similarly,	 the	

output	node’s	values	can	be	calculated	following	the	equation	below:	

	

𝑦Ì = ÷·ℎ°𝑤°Ì

�

°É�

ø +	𝑏Ì	 Equation	2.28	

Where	𝑏Ì	is	the	bias	value	for	the	output	nodes,	m	is	the	number	of	hidden	nodes	to	

the	node	and	𝑤°Ì	is	the	weight	between	the	hidden	nodes	and	the	output	nodes.	

In	 order	 to	 enable	 the	 ANN	 to	 learn	 non-linear	 relationships,	 transfer	 functions	 or	

activation	functions	are	introduced.	Transfer	functions	restrict	the	output	range	of	the	

ANN	 nodes	 to	 small	 values.	 The	 transfer	 function	 can	 follow	 many	 mathematical	

functions.	Linear,	Sigmoid	 ,	hyperbolic	 tangent	and	rectified	 linear	units	(ReLU)	are	

well	known	transfer	functions	that	are	used	with	ANNs	(Algarni,	2017;	Glorot	&	Bengio,	

2010;	 Glorot,	 Bordes,	 &	 Bengio,	 2011;	 Nair	 &	 Hinton,	 2010)	 The	 mathematical	

functions	for	these	well-known	transfer	functions	are	provided	below:	

	

Linear	 𝛾(𝑧) = 𝑧	 Equation	2.29	

Sigmoid	 𝛾(𝑧) = 	
1

1 + 𝑒�ú	
Equation	2.30	

Hyperbolic	Tangent	 𝛾(𝑧) = 	
𝑒ú − 𝑒�ú

𝑒ú + 𝑒�ú	
Equation	2.31	

ReLU	 𝛾(𝑧) = max	(0, 𝑧)	 Equation	2.32	
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A	 simple	 fully	 connected	 feed-forward	 ANN	 is	 illustrated	 in	 Figure	 2.5.	 This	 ANN	

consists	of	2	input	nodes,	2	hidden	layer	nodes	and	one	output	node.	This	structure	can	

be	further	enlarged	to	incorporate	various	nodes	and	layers	for	complex	tasks.	

	
	
Figure	2.5.	Fully	connected	feedforward	ANN	with	2	input	nodes,	2	hidden	nodes	and	1	output	node.		

ANNs	 are	 one	 of	 the	main	 algorithm	 choices	when	 it	 comes	 to	 supervised	 learning	

tasks.	 The	 main	 reason	 is	 that	 they	 are	 able	 to	 approximate	 various	 output	 types	

(Mitchell,	 1997)	 from	 continuous	 values	 to	 sequences	 and	 even	 high	 dimensional	

outputs	 such	 as	 images.	 Hidden	 layers	 play	 a	 vital	 role	 in	 enabling	 the	 ANN	 to	

approximate	such	a	wide	variety	of	functions	as	they	help	extracting	and	aggregating	

additional	 information	 from	 the	 inputs	 that	 are	 sometimes	 not	 easy	 to	 detect	 and	

enrich	a	dataset	with	before	training	(Haykin,	1994).	The	other	reason	is	the	flexibility	

of	 the	 ANNs	 when	 using	 different	 types	 of	 activation	 functions	 and	 optimisation	

algorithms	(backward	pass).	

	

2.14.1 Backpropagation	
Backward	propagation	error	or	backpropagation	is	a	method	used	mainly	in	ANNs	to	

calculate	a	gradient	required	for	weight	calculation	(Goodfellow,	Bengio,	Courville,	&	

Bengio,	2016).	Backpropagation	is	the	generalised	form	of	the	delta	rule	for	all	layers	

of	 the	 feedforward	 ANNs.	 Before	 training	 a	 network,	 the	 weights	 are	 randomly	

initialised.	The	ANN	ties	to	predict	for	the	first	time	the	output	of	the	training	set	with	

the	 random	 values.	 The	 squared	 error	 of	 the	 predicted	 output	 compared	 to	 the	

expected	or	real	output	can	be	calculated	by	Equation	2.33:	
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𝜀 = (𝑎 − 𝑦)~	 Equation	2.33	

	

Where	y	is	the	predicted	output	and	𝑎	is	the	actual	or	expected	value.		

The	weight	 update	 is	 the	process	 of	 calculating	 a	 delta	 for	 the	weights	 as	 a	weight	

correction	value.		

Consider	an	ANN	with	the	following	network	functions:	

	

ℎ = 𝑥𝑤 +	𝑏{	 Equation	2.34	

𝑦 = ℎ𝑤′ +	𝑏~	 Equation	2.35	

	

A	simple	weight	update	function	is	presented	in	Equation	2.36	for	this	network:	

𝑤 = 𝑤 + ∆𝑤	 Equation	2.36	

The	Equation	2.37	calculates	the	delta	for	the	hidden	layer	from	the	output	layer	error:	

∆𝑤′ = 𝛼 × 𝜀 × 𝑓′(𝑦) × ℎ	 Equation	2.37	

Where	𝑓′(𝑦)	is	the	derivative	of	the	activation	function	𝛾(𝑦)	and	𝛼	is	the	learning	rate	

modulating	the	delta	value	or	weight	adjustment	speed	and	sizes.	Similarly,	to	update	

the	delta	value	for	𝑤�°	the	Equation	2.37	can	be	further	extended	to:	

∆𝑤	 = 𝛽 × 𝜀 × (𝑓′(ℎ) × 𝑤′) × 𝑓′(𝑦) × 𝑥	 Equation	2.38	

Furthermore,	to	generalise	Equation	2.38	for	networks	with	multiple	input	and	output	

nodes	(Algarni,	2017)	Equation	2.39	is	provided	as:	

∆𝑤�° 	= 𝛽 × 𝜀 × (·(𝑓′(ℎ°) × 𝑤°Ì)
°

) × 𝑓′(𝑦Ì) × 𝑥�	 Equation	2.39	

where	𝑖	is	the	number	of	input	nodes,	𝑗	is	the	number	of	hidden	layer	nodes	and	𝑘	is	

the	number	of	output	nodes.		

In	addition	to	the	original	stochastic	gradient	descent	(SGD)	(Polyak,	1964)	approach	

to	 weight	 adjustment	 in	 ANNs	 there	 are	 various	 weight	 optimisation	 methods	

proposed	in	recent	studies.	From	which	Adam	(Kingma	&	Ba,	2014),	Adagrad	(Duchi,	

Hazan,	 &	 Singer,	 2011)	 and	 RMSprop	 (Mukkamala	 &	 Hein,	 2017)	 are	 well	 known	

optimisation	methods	that	involve	enhanced	techniques	such	as	Nesterov	accelerated	

gradient	 or	Nesterov	 	momentum	 (Dozat,	 2016;	Goodfellow	et	 al.,	 2016;	 Sutskever,	

Martens,	Dahl,	&	Hinton,	2013)	to	the	original	SGD.	

The	 selected	error	 𝜀	 in	 this	 example	was	 the	 squared	error,	however	various	error	

functions	(loss	functions)	can	be	selected	to	calculate	the	error.	The	loss	function	type	
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also	depends	on	the	type	of	the	supervised	learning	task	(classification	or	regression)	

and	the	type	of	outputs.	Mean	squared	error	(MSE),	Root	mean	Squared	error	(RMSE)	

and	even	probabilistic	loss	functions	such	as	negative	log	are	alternatives	to	the	chosen	

loss	function	(Bengio,	Ducharme,	Vincent,	&	Jauvin,	2003;	Murata,	Yoshizawa,	&	Amari,	

1994).		

	

2.14.2 Types	of	artificial	neural	networks	
Based	on	the	size	of	the	network,	activation	functions	types	of	inputs	and	outputs	and	

their	dimensions	ANNs	get	different	names.	All	 these	new	types	of	ANNs	are	either	

special	cases	or	extended	ANNs.		

Multilayer	perceptron	(MLP)	is	a	type	of	fully	connected	feed	forward	ANN.	It	consists	

of	at	least	3	layers	of	nodes	the	input,	hidden	and	output	layer	similar	to	the	network	

in	Figure	2.5.	

MLPs	have	nonlinear	activations	functions	at	each	layer	and	use	backpropagation	for	

weight	optimisation	and	error	reduction	(Hastie,	Trevor,	Tibshirani,	Robert,	Friedman,	

2009).	

Depending	on	the	number	of	inputs	and	outputs	of	the	system,	the	architecture	of	the	

MLP	can	follow	one	of	the	architectures	illustrated	in	Figure	2.6,	Figure	2.7	and	Figure	

2.8	assuming	two	hidden	layers	are	required.	

	
Figure	 2.6.	 Fully	 connected	 deep	 feed	 forward	 artificial	 neural	 network	 architecture	 with	 higher	 number	 of	
predictors	than	target	variables. 
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Figure	2.7.	Fully	connected	deep	feed	forward	artificial	neural	network	architecture	with	the	number	of	predictors	
lower	than	target	variables.	

	
Figure	2.8.	 Fully	 connected	deep	 feed	 forward	 artificial	 neural	 network	 architecture	with	 equal	 predictors	 and	
target	variables. 

Recurrent	Neural	Networks	 (RNNs)	 are	 a	 type	 of	 ANN	 that	 their	 node	 connections	

create	a	directed	graph	along	the	sequence	and	act	similar	to	a	memory	unit.	The	RNNs	

are	usually	used	with	sequence	learning	tasks	such	as	time	series,	text	and	voice	inputs	

for	 natural	 language	 processing	 (NLP)	 (Xiangang	 Li	 &	 Wu,	 2015;	 Sak,	 Senior,	 &	

Beaufays,	 2014).	 The	 latest	 development	 in	RNNs	 are	 the	 long	 short-term	memory	

networks	 or	 LSTMs	 (Hochreiter	 &	 Schmidhuber,	 1997)	 discovered	 in	 1997	 by	

Hochreiter	and	Schmidhuber.	LSTMs	are	revolutionary	algorithms	designed	to	tackle	
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the	 problem	 of	 exploding	 or	 vanishing	 gradient	 (Hochreiter,	 Bengio,	 Frasconi,	 &	

Schmidhuber,	2001).	

Convolutional	Neural	Networks	(CNNs)	are	another	type	of	feed	forward	ANNs	with	a	

main	application	in	high	dimensional	spaces	and	visual	imagery.	CNNs	use	they	use	a	

variation	of	MLPs	to	minimise	the	requirement	for	pre-processing.	CNNs	are	inspired	

by	the	animal	vision	and	their	neurons	are	formed	in	a	similar	way	to	resemble	visual	

cortex	(LeCun,	2016).	The	only	certain	neurons	in	the	algorithm	cover	certain	areas	of	

the	visual	 field	with	an	overlap	to	cover	the	whole	field.	The	network	uses	filters	to	

extract	information	from	the	visual	field	and	the	filters	are	learned	through	the	process	

of	training	of	the	algorithm	automatically	(Aghdam	&	Heravi,	2017).	

Artificial	Neural	Networks	with	more	than	one	hidden	layer	are	considered	a	deep	ANN	

and	the	learning	process	for	such	network	is	called	deep	learning.	Also,	an	RNN	or	CNN	

with	more	 than	 one	 hidden	 layer	 are	 considered	 as	 deep	 RNN	 or	 deep	 CNN.	 Deep	

learning	networks	 are	 computationally	 expensive	networks	however	 the	 additional	

hidden	layers	are	able	to	extract	additionally	features	from	different	layers	of	the	input	

features	 of	 a	 dataset.	 Various	 studies	 on	 deep	 learning	 in	 fields	 of	 medical	 image	

analysis	and	bioinformatics	and	natural	 language	processing	have	shown	significant	

performance	of	these	networks	and	in	some	cases	superior	to	human	experts	(Cireşan,	

Meier,	&	Schmidhuber,	2012;	Krizhevsky,	Sutskever,	&	Hinton,	2012;	J.	Russell,	2017).	

For	 instance	a	Google	program	called	AlphaGo	was	able	 to	beat	 the	world’s	best	Go	

player	in	the	world	Lee	Sedol	three	times	in	a	row	in	2017	(J.	Russell,	2017;	Silver	&	

Hassabis,	2016).	Deep	learning	is	a	very	popular	technique	which	is	widely	used	for	

medical	 image	 analysis.	 This	 includes	 dermatological	 studies	 about	 detection	 of	

Melanoma	(Afifi	&	Amin,	2017;	Codella	et	al.,	2015).	Although,	deep	 learning	 is	not	

utilised	for	creating	personalised	medicine	and	dermatological	products,	 it	has	been	

used	in	other	medical	research	topics	such	as	patient	similarity	detection	(Zhu	et	al.,	

2016).	The	study	by	Pham	(Pham,	Tran,	Phung,	&	Venkatesh,	2016)	introduces	an	end-

to-end	 deep	 dynamic	 memory	 system	 based	 on	 LSTM	 networks	 for	 personalised	

healthcare.	 The	 proposed	 system	 is	 able	 to	 read	medical	 records,	memorise	 illness	

trajectories	 and	 care	 processes,	 estimate	 the	 present	 illness	 states,	 and	 predict	 the	

future	risks	associated	with	the	patients.		
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2.15 Incremental	learning	algorithms	
Generally,	 incremental	 learning	 algorithms	 adapt	 the	 existing	 standard	 machine	

learning	 algorithms	 to	 the	 incremental	 setting	 (Liang,	 Huang,	 Saratchandran,	 &	

Sundararajan,	2006).	Although	there	are	a	few	studies	that	have	evaluated	the	ability	

of	such	algorithms	to	generalise	and	measured	their	convergence	speed	(Cesa-Bianchi	

&	Lugosi,	2006;	Watkin,	Rau,	&	Biehl,	1993),	incremental	learning	is	only	studied	a	few	

works	 independently	 (Ade	 &	 Deshmukh,	 2013;	 Joshi	 &	 Kulkarni,	 2012;	 Losing,	

Hammer,	&	Wersing,	2018).	The	study	by	(Gepperth	&	Hammer,	2016)	formalises	the	

IL	 in	 general	while	 discussing	 its	 practical	 challenges.	 It	 also	 summarises	 the	well-

known	algorithms	for	IL	and	describes	their	real-world	applications.	

Most	studies	utilise	IL	in	situations	where	there	is	a	flow	of	streaming	data	(Aggarwal,	

2014;	Gaber,	Zaslavsky,	&	Krishnaswamy,	2005).	The	main	concern	in	such	studies	is	

the	drift	in	the	algorithm	knowledge	or	concept	drift	(Gama	&	Donsez,	2014;	Žliobaitė,	

2010).		

The	 IL	 literature	 is	 dominated	 by	 two	 paradigms;	 batch	 incremental	 learning	 and	

Instance	 incremental	 learning.	 Batch	 IL	 happens	 when	 the	 algorithm	 updates	 a	

pretrained	ML	model’s	 weights	 (or	 knowledge)	 based	 on	 the	 knowledge	 extracted	

from	a	new	batch	of	observations	(multiple	observations)	at	once.	In	this	method	the	

generalised	knowledge	from	the	multiple	observations	in	the	batch	is	used	for	model	

update.	Instance	IL	is	when	the	algorithm	updates	the	model’s	knowledge	based	on	the	

information	extracted	from	a	single	observation	at	a	time.	This	increases	the	chances	

of	updating	model’s	knowledge	based	on	noise	or	incomplete	data.	There	are	very	few	

practical	studies	about	incremental	learning,	one	of	which	is	the	study	by	Read	(Read,	

Bifet,	Pfahringer,	&	Holmes,	2012).	This	study	compares	batch	incremental	methods	

with	instance	incremental	techniques.	The	study	proves	that	both	methods	are	equally	

performant	 however	 the	 instance-incremental	 algorithms	 require	 less	 resources	 to	

train.		

Another	practical	study	(Read	et	al.,	2012)	compares	one	hundred	and	seventy	nine	

batch	classifier	algorithms	on	one	hundred	and	twenty	one	individual	datasets	utilising	

various	coding	languages	and	toolboxes.	The	highest	accuracy	in	this	study	is	achieved	

by	the	RF	and	the	SVM	algorithms	respectively.		

Incremental	support	vector	machine	or	ISVM	is	a	well-known	algorithm	incorporating	

incremental	 learning	 into	 the	SVM	(Cauwenberghs	&	Poggio,	 2001).	This	 algorithm	

keeps	 various	 candidate	 vectors	 along-side	 the	 support	 vectors	 selected	during	 the	
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training	of	the	SVM.	These	candidates	can	be	promoted	and	become	support	vectors	

based	on	the	future	instances	introduced	to	the	algorithm.	Keeping	a	higher	number	of	

candidate	 vectors	 at	 each	 training	 stage	 results	 in	 higher	 chances	 of	 enhancing	 the	

inference	 of	 the	 algorithm	by	 the	 new	data.	 This	 algorithm	has	 been	used	 in	many	

recent	 studies	 (Biggio	 et	 al.,	 2014;	Lu,	Boukharouba,	Boonært,	 Fleury,	&	Lecœuche,	

2014).		

The	incremental	version	of	the	random	forest	is	called	the	online	random	forest	or	ORF	

(Saffari,	Leistner,	Santner,	Godec,	&	Bischof,	2009).	In	this	algorithm	adds	splits	in	the	

decision	trees	when	enough	instances	are	observed	in	one	leaf.	This	technique	is	used	

in	other	 ensemble	 tree-based	 techniques	 such	as	 the	ExtraTrees.	There	are	various	

recent	studies	on	the	applications	of	this	algorithm	(Lakshminarayanan,	Roy,	&	Teh,	

2014;	Pernici	&	Del	Bimbo,	2014).		

As	explained	before	stochastic	gradient	descent	is	one	of	the	widely	used	algorithms	as	

optimisers	for	the	ANNs.	This	algorithm	is	able	to	optimise	a	loss	function	to	model	a	

batch	of	data.	This	characteristic	of	the	SGD	enables	it	to	optimise	this	 loss	function	

over	future	batches	of	data	and	perform	incremental	learning.	However,	the	inherent	

noise	in	each	stage	of	incremental	learning	makes	SGD	likely	to	get	trapped	in	the	local	

optima	of	one	of	the	batches.	The	study	by	Heskes	(Heskes	&	Kappen,	1993)	discusses	

the	 transition	 of	 the	 ANNs	 from	 the	 local	 optima	 during	 the	 incremental	 learning	

process.	

2.16 Strategies	for	high	dimensional	multi	target	learning	
Supervised	learning	tasks	are	either	single	target	(output)	i.e.	a	classification	task	or	

high	 dimensional	 or	 multivariate	 multi-target	 (multiple-output)	 i.e.	 predicting	

ingredients	of	a	product	at	once.	Multi	 target	models	aim	 to	 link	multiple	predictor	

variables	to	multiple	target	variables	(Aho,	Ženko,	Džeroski,	&	Elomaa,	2012;	Wang,	

Hutter,	 Zoghi,	 Matheson,	 &	 de	 Feitas,	 2016).	 The	 variables	 can	 be	 dependant	 or	

independent	of	each	other.	Three	main	types	of	regression	problems	(Kocev,	Džeroski,	

White,	Newell,	&	Griffioen,	2009)	are:	

	

1.	Single	variable	single	target:	Tries	to	fit	a	regression	model	with	a	single	independent	

variable	or	predictor.	

	

2.	Multivariate	 input	 single	 output	 or	 target	 (MISO):	 predicts	 a	 dependent	 variable	

based	on	the	values	of	more	than	one	independent	variable.		
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3.	 Multivariate	 input	 multi	 target	 or	 multiple	 output	 (MIMO):	 	 predicts	 multiple	

dependent	variables	based	on	the	values	of	more	than	one	independent	variables.	

From	the	 three	well-known	strategies	 for	regression	problems	MISO	and	MIMO	are	

suitable	strategies	for	a	multivariate	multi-target	model	(Borchani,	Varando,	Bielza,	&	

Larrañaga,	2015).		

	

Suppose	 the	 training	 dataset	 D	 made	 of	 N	 observations	 with	 the	 variables	

𝑋{, 𝑋~, … , 𝑋�		,			𝑌{,𝑌~, … ,𝑌Ó	.	The	training	dataset	would	therefore	become:	

𝐷 = 	 ((𝑥({),𝑦({)), … , (𝑥(ä), 𝑦(ä)	))	 Equation	2.40	

Each	 observation	 would	 then	 be	 characterised	 by	 an	 input	 vector	 of	 m	 predictive	

variables	(predictors)	and	an	output	vector	of	d	target	variables	(targets)	as	follows:	

𝑥(*) = (𝑥{
(*), … , 𝑥°

(*), . . . , 𝑥�
(*))	 Equation	2.41	

𝑦(*) = (𝑦{
(*), … , 𝑦�

(*), . . . , 𝑦Ó
(*))	 Equation	2.42	

When	𝑖 ∈ {1, … , 𝑑}	 ,	𝑗 ∈ {1, … ,𝑚}	and	number	of	observations	𝑙 ∈ {1, … , 𝑁}.	The	task	

would	be	to	build	a	multi	target	regression	model	from	D	that	can	assign	function	h	to	

every	observation	given	by	a	vector	of	x	of	m	predictor	values	and	a	target	vector	of	y	

made	of	d	target	values:	

ℎ:		𝜃𝑋{ × …× 𝜃𝑋� → 		𝜃𝑌{ × …× 𝜃𝑌Ó	

𝑥 = (𝑥{, …	, 𝑥�) 		→ 	𝑦 = 	 (𝑦{, …	, 𝑦Ó)	
Equation	2.43	

Where	𝜃𝑋°	𝑎𝑛𝑑	𝜃𝑌�	signify	the	sample	space	for	every	predictor	𝑋°,	for	all	𝑗 ∈ {1, … ,𝑚}	

and	 every	 target	 variable	 𝑌�	 for	 all	 𝑖 ∈ {1, … , 𝑑}	 given	 the	 target	 variables	 are	

continuous	values.	

The	 result	model	 can	 then	 be	 used	 to	 predict	 {𝑦,(ä�{), … , 𝑦,µ}	 using	 the	 unlabelled	

predictors	 {𝑥,(ä�{), … , 𝑥,µ}.	 This	 model	 follows	 the	 MIMO	 strategy	 and	 the	 error	

function	for	the	single	model	is:	

𝜀(𝑦, ℎ(𝑥))	

	

A	MISO	regression	model	consists	of	d	single	input	single	output	models,	and	assigns	d	

functions	ℎ{, ℎ~, … , ℎÓ	to	every	observation	given	by	a	vector	of	x	of	m	predictor	values	

and	a	target	vector	of	y	made	of	single	target	value:	

ℎ�:		𝜃𝑋{ × …× 𝜃𝑋� → 		𝜃𝑌�	

𝑥 = (𝑥{, …	, 𝑥�) 		→ 	𝑦 = 	 (𝑦�)	
Equation	2.44	
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where	 𝑌� ∈ {𝑌{,𝑌~, … ,𝑌Ó}	 and	 𝑖 ∈ {1, … , 𝑑}	 and	 d	 error	 functions	 for	 the	 d	 separate	

models	are:	

𝜀Ó(𝑦Ó, ℎÓ(𝑥))	

	

While	all	MLAs	capable	of	regression	tasks	can	perform	the	MISO	regression	only	a	few	

MLAs	can	natively	perform	MIMO	regression.	Native	multi-target	regression	MLAs	are	

limited	 to	 decision	 tree	 based	 and	 ensemble	 learning	 algorithms,	 artificial	 neural	

networks	and	hybrid	algorithms	based	on	them	(Jin,	2006;	Kocev	et	al.,	2009;	Kocev,	

Vens,	Struyf,	&	Džeroski,	2007;	Read,	Reutemann,	Pfahringer,	&	Holmes,	2016).	Several	

studies	suggest	that	feedforward	ANNs	specially	the	MLP	is	an	accurate	and	reliable	

for	 learning	 strategy	 for	 MIMO	 regression	 (Agirre-Basurko,	 Ibarra-Berastegi,	 &	

Madariaga,	2006;	Yilmaz	&	Kaynar,	2011).		

ANN	based	MIMO	models	are	natively	constructible	by	increasing	the	output	nodes	of	

a	network	and	selecting	the	correct	optimiser	and	loss	functions,	however	designing	a	

MIMO	regression	tree	or	random	forest	follows	a	slightly	different	logic.	Multi-target	

regression	trees	have	two	advantages	over	building	single	trees	for	each	target.	The	

single	multi	target	tree	is	actually	smaller	than	the	total	size	of	two	single	target	trees	

and	it	also	finds	and	models	dependencies	between	the	output	or	target	variables.	The	

study	by	De’ath	in	2012	(De’Ath,	2002)	introduced	the	multivariate	regression	trees	

(MRT).	 These	 trees	 follow	 similar	 steps	 as	 CART	 (L	 Breiman	 et	 al.,	 1984)	 	 with	 a	

different	definition	of	the	impurity	measure	of	a	node.	The	new	measure	introduced	by	

De’ath	is	provided	as	Equation	2.45:	

𝑚§-ÓÍ =· · (𝑦�
(*) − 𝑦′�)~

Ó

�É{

ä

*É{
	 Equation	2.45	

	

Where	𝑦′�	 represents	 the	mean	of	𝑌�	 in	 the	node	and	𝑦�
(*)	 is	 the	value	 for	 the	 target	

variable	𝑌� .	Then	the	observations’	multivariate	mean,	number	of	instances	at	a	leaf	and	

the	attribute	values	split	each	tree.	This	method	is	also	capable	of	can	handling	missing	

feature	values.	Another	study	proposed	MORTs	or	multi	objective	regression	trees	by	

having	size	and	accuracy	constraints	for	trade	off	against	the	tree	size.	The	approach	

builds	a	very	large	tree	initially	and	then	prunes	it	to	fit	into	the	constraints	set	by	the	

user.	Appice	(Appice	&	Džeroski,	2007)	proposed	stepwise	induction	of	decision	trees	

method	 MTSMOTI.	 This	 method	 induces	 the	 MIMO	model	 top-down	 introducing	 a	

regression	variable	in	a	set	of	linear	models	associated	with	leaves.	Each	leaf	in	this	
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method	 contains	 various	 linear	 models	 producing	 values	 for	 the	 multiple	 target	

variables.	

The	study	by	Kocev	(Kocev	et	al.,	2009)	compares	the	MIMO	vs	MISO	regression	trees	

and	Random	Forest.	The	 study	 suggests	 achieving	 the	best	predictive	performance,	

time	and	size	efficiency	for	multi-target	regression	tasks,	the	MIMO	regression	trees	

and	RFs	should	be	preferred.	

Generally	 multi-target	 models	 are	 to	 be	 preferred	 over	 stacked	 or	 iterative	 single	

target	models	for	a	multi	target	supervised	learning	task	unless	the	target	variables	are	

totally	uncorrelated.	 In	 this	 situation	 separate	models	with	have	 a	higher	precision	

than	a	single	model	trying	to	optimise	over	independent	variables.	Also,	stacked	MISO	

models	are	computationally	expensive	and	are	not	time	efficient.	As	mentioned	earlier,	

stacked	MISOs	optimize	for	a	single	target	rather	than	all	the	targets,	hence	they	do	not	

model	the	correlation	between	the	target	variables.		

Native	MIMO	models	are	simpler	models	than	a	stack	of	MISO	models	and	they	are	also	

easier	to	interpret.	They	also	have	a	single	loss	function	for	the	task	which	needs	to	be	

minimised	thus	the	optimisation	is	simpler	for	native	MIMO	algorithms.		

	

2.17 Hyperparameters	optimisation	
Hyperparameter	optimisation	or	tuning	is	selecting	the	most	optimal	parameters	for	

an	MLA	that	will	result	in	maximum	performance	on	a	given	training	set.	MLAs	have	

various	 learning	 parameters	 that	 can	 be	 set	 before	 the	 training	 stage,	 for	 instance	

learning-rate,	weights	or	other	constraints.	From	a	set	of	values	given	for	each	of	these	

constraints,	hyper-parameter	tuning	creates	the	most	optimal	model	by	evaluating	the	

performance	 of	 the	 model	 using	 combinations	 of	 these	 parameters	 (Claesen	 &	 De	

Moor,	2015).	

Two	well-known	 and	 proven	 hyperparameter	 tuning	methods	 are	 Grid	 Search	 and	

Random	 Search.	 Grid	 search	 is	manually	 specifying	 a	 hyperparameter	 space	 for	 an	

MLA.	 Grid	 search	 is	 an	 exhaustive	 searching	 method	 which	 requires	 massive	

calculation	power	and	time.	The	performance	of	the	MLAs	is	measured	by	metrics	such	

as	 cross-validation	 over	 the	 training	 set	 or	 on	 an	 unseen	 validation	 set.	When	 the	

parameter	space	of	an	MLA	is	an	unlimited	real	valued	space,	a	number	of	reasonably	

selected	and	separated	values	are	usually	selected	for	that	parameter.	

Random	search	on	the	other	hand	simplifies	selecting	a	grid	of	parameters	manually	

by	selecting	them	randomly.	Random	search	can	perform	better	than	grid	search	given	
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only	a	small	number	of	parameters	have	a	large	impact	on	the	final	performance	of	the	

model	 (Bergstra	&	Bengio,	2012)	because	of	 the	 low	 intrinsic	dimensionality	of	 the	

optimisation	problem	(Wang	et	al.,	2016).	

	

2.18 Evaluation	of	the	supervised	learning	tasks	
Evaluating	the	MLA	is	an	essential	task	after	training	as	it	ensures	that	the	model	is	

performing	as	expected.	There	are	various	metrics	used	for	the	evaluation	of	the	MLAs.	

While	a	trained	model	may	achieve	good	results	for	a	metric	there	is	always	a	chance	

that	 it	 achieves	 poor	 results	 on	 another	 metric.	 The	 metrics	 for	 classification	 and	

regression	 are	 different	 since	 the	 type	 of	 outputs	 in	 these	 two	 tasks	 are	 not	 equal.	

Accuracy,	confusion	matrix,	precision,	recall	and	F1	score	are	some	of	the	widely	used	

metrics	for	classification	tasks.	

Mean	 squared	 error	 (MSE),	 root	mean	 squared	 error	 (RMSE),	mean	 absolute	 error	

(MAE)	and	mean	absolute	percentage	error	(MAPE)	are	from	the	well-known	metrics	

to	evaluate	 regression	 tasks	and	continuous	outputs.	The	 formulation	or	method	 to	

calculate	each	of	these	metrics	is	provided	in	this	section.	

	

2.18.1 Metrics	for	classification	evaluation	
The	 statistical	metrics	 and	 definitions	 used	 for	 evaluation	 of	 the	machine	 learning	

algorithm	predictions	for	classification	tasks	are	presented	in	the	following	section:		

	

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑐𝑜𝑟𝑟𝑒𝑐𝑡	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 	 Equation	2.46	

	

True	Positive:	When	a	class	is	predicted	positive	and	the	actual	class	was	positive.	

False	Positive:	When	a	class	is	predicted	positive	and	the	actual	class	was	negative.	

True	Negative:	When	a	class	is	predicted	negative	and	the	actual	class	was	negative.	

False	Negative:	When	a	class	is	predicted	negative	and	the	actual	class	was	positive.	

	

Accuracy	can	therefore	be	recalculated	using	the	above	definitions	as:	

	

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒	𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑆𝑎𝑚𝑝𝑙𝑒𝑠 	 Equation	2.47	
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The	 confusion	matrix	 for	 the	 predictions	 can	 be	 drawn	 from	 the	 above	metrics	 as	

shown	in	Table	2.4.	

	
Table	2.4.	Confusion	Matrix	for	classification.	

	 Actual	is	Positive	 Actual	is	Negative	

Predicted	Positive	 True	Positive	 False	Positive	

Predicted	Negative	 False	Negative	 True	Negative	

	

The	confusion	matrix	can	be	used	to	calculate	the	following	metrics	for	the	precision,	

recall	and	f1	score:	

	

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒	
Equation	2.48	

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒	𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + False	Negative	
Equation	2.49	

𝐹1 = 	2 ×
1

1
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +

1
𝑟𝑒𝑐𝑎𝑙𝑙

	 Equation	2.50	

	

2.18.2 Metrics	for	regression	evaluation	
Assume	 𝑦�	 as	 actual	 target	 values	 and	 𝑦′�	 as	 predicted	 values	 by	 the	 MLA	 for	 a	

regression	task	and	𝑖 = 1,… ,𝑁,	the	following	metrics	can	be	used	to	calculate	error	in	

predictions:	

𝑀𝑒𝑎𝑛	𝑆𝑞𝑢𝑎𝑟𝑒𝑑	𝐸𝑟𝑟𝑜𝑟	(𝑀𝑆𝐸) = 	
1
𝑁
·(𝑦� −
ä

�É{

𝑦′�)~	
Equation	2.51	

𝑅𝑜𝑜𝑡	𝑀𝑒𝑎𝑛	𝑆𝑞𝑢𝑎𝑟𝑒𝑑	𝐸𝑟𝑟𝑜𝑟	(𝑅𝑀𝑆𝐸) = 	È
1
𝑁
·(𝑦� −
ä

�É{

𝑦′�)~	
Equation	2.52	

𝑀𝑒𝑎𝑛	𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝐸𝑟𝑟𝑜𝑟	(𝑀𝐴𝐸) = 	
1
𝑁
·|𝑦� −
ä

�É{

𝑦′�|	
Equation	2.53	

𝑀𝑒𝑎𝑛	𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒	𝐸𝑟𝑟𝑜𝑟	(𝑀𝐴𝑃𝐸	%) = 	
100
𝑁

·|
𝑦� − 𝑦′�
𝑦′�

|
ä

�É{

	 Equation	2.54	
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2.18.3 K	fold	cross	validation	
K-fold	 cross	 validation	 (CV),	 the	 principal	 technique	 for	 evaluating	 an	 algorithm’s	

accuracy	on	training	data.	

To	perform	K-fold	CV	the	following	steps	are	followed	consecutively:	

1. Split the data into K approximately equal parts (K-folds). 

2. Train the model on all samples in K-1 folds combined and evaluate on the unseen 

samples of the last fold. 

3. Calculate the accuracy (A) (or error) metric of the cross-validation using Equation 

2.55 (Kohavi, 1995). 

𝐶𝑉 =	
1
𝐾·𝐴Ì

×

ÌÉ{

	 Equation	2.55	

In	 small	 datasets,	 CV	 with	 a	 low	 k	 will	 result	 in	 poor	 model	 performance	 as	 a	

considerable	proportion	of	the	available	observations	are	excluded	from	the	training	

set.	To	rectify	this	problem	for	the	smaller	datasets	and	to	achieve	more	reliable	and	

generalisable	 validation	 results,	 selecting	 the	 maximum	 K	 or	 K	 equal	 to	 the	 total	

number	of	samples	in	the	dataset	is	suggested	in	some	studies	(Kearns	&	Ron,	1999;	

Kohavi,	1995;	Raudys	&	Jain,	1991;	Simon,	Radmacher,	Dobbin,	&	McShane,	2003).	This	

is	also	referred	to	as	the	“leave	one	out”	method	(G.	H.	Golub,	Heath,	&	Wahba,	1979).	

In	leave	one	out	cross	validation,	evaluation	is	repeated	for	every	fold	(observation)	in	

the	dataset,	while	being	 trained	on	all	other	observations.	This	will	 result	 in	 longer	

runtime	but	more	accurate	and	fairer	model	evaluation	on	small	datasets.	

In	 addition	 to	 the	 number	 of	 folds	 in	 cross	 validation	 it	 is	 essential	 to	 build	

representative	folds	or	equal	number	of	classes	in	each	fold	for	training.	This	is	called	

stratification	or	stratified	K-fold	cross	validation	(Kohavi,	1995).	Stratification	aims	to	

guarantee	that	every	fold	is	representative	of	all	strata	of	the	dataset	and	reduces	bias	

and	variance.	Regularly,	this	is	performed	in	a	supervised	method	for	classification	or	

regression	and	assures	that	each	class	is	nearly	equally	represented	across	every	test	

fold.	The	test	folds	are	combined	in	a	complementary	way	to	form	training	folds.		

Stratified	k-fold	cross	validation	is	specifically	beneficial	when	the	datasets	suffer	from	

small	number	of	observations.	The	reason	 is	 that,	 in	 stratified	cross	validation	 thee	

folds	are	selected	in	a	way	that	the	mean	aim/target	value	is	approximately	equal	in	all	

the	folds.	CV	can	be	used	to	measure	any	evaluation	metric	mentioned	before.	
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2.19 Role	of	data	in	supervised	learning	
Although	selecting	the	correct	machine	learning	algorithm	is	one	of	the	most	important	

steps	 in	 creating	 a	 functional	 supervised	 learning	model,	 having	 the	 right	 data	 and	

preparing	the	data	for	the	training	of	this	model	is	the	most	important	step	at	building	

a	successful	and	accurate	supervised	learning	model	(Nasrabadi,	2007;	Witten	et	al.,	

2016;	S.	Zhang,	Zhang,	&	Yang,	2003).	The	heart	of	the	learning	process	is	the	data	and	

the	quality	of	the	models	built	are	as	good	as	the	quality	of	the	data	they	are	trained	on.		

Thus,	 ensuring	 that	 the	 dataset	 contains	 accurate	 data	 and	 has	 the	 potential	 to	

maximise	knowledge	 learning	 in	a	model	 is	one	of	 the	key	steps	before	the	training	

process.	This	step	known	as	data	pre-processing	aims	to	rectify	various	common	issues	

that	cause	instability	or	inaccuracy	of	the	built	models.	These	issues	are	mainly	caused	

by	measurement	 errors,	 transformations,	 data	 loss	 or	 simply	 not	 having	 access	 to	

enough	 data.	 A	 few	 of	 the	 most	 common	 data	 related	 issues	 are	 explained	 in	 this	

section.	

	

2.19.1 Class	imbalance	
Class	 imbalance	 corresponds	 to	 situations	 where	 one	 class	 is	 represented	 by	 a	

significantly	larger	number	of	observations	while	another	class	is	only	represented	by	

a	few	examples	(Fawcett	&	Provost,	1997).	Class	imbalance	is	of	an	importance	when	

it	comes	to	supervised	learning	as	various	studies	have	shown	its	negative	impact	on	

the	performance	achieved	by	the	machine	learning	methods	(Burez	&	Van	den	Poel,	

2009;	Galar,	Fernandez,	Barrenechea,	Bustince,	&	Herrera,	2012;	D.-C.	Li	et	al.,	2010).	

The	negative	impact	of	this	problem	is	so	dominant	that	Kubat	refers	to	it	as	“the	curse	

of	the	datasets”	(Kubat	&	Matwin,	1997).	Various	solutions	to	this	problem	have	been	

proposed	 from	which	data	 resampling	 and	downsizing	 are	 the	most	 successful	 and	

easy	 to	 implement.	 Class	 resampling	 can	be	 implemented	by	 random	selection	of	 a	

subset	 similar	 to	 the	 smaller	 classes	 from	 the	 dominant	 classes	 while	 keeping	 all	

samples	from	the	smaller	classes.	

Although	there	are	several	studies	over	data	expansion	to	avoid	class	 imbalance	for	

high	dimensional	datasets,	there	is	a	clear	gap	in	the	literature	for	data	generation	for	

low	 dimensional	 biomedical	 datasets.	 The	 study	 by	 Rahman	 is	 one	 of	 the	 few	 that	

addresses	class	imbalance	in	medical	datasets	(Rahman	&	Davis,	2013).	
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2.19.2 Overfitting	
Overfitting	happens	when	a	model	or	function	is	very	closely	fitting	a	limited	set	of	data	

points.	 This	 model	 will	 perfectly	 describe	 the	 available	 points	 while	 missing	 the	

underlying	more	general	pattern	in	the	data.	This	model	which	seems	to	be	a	great	and	

accurate	estimation	of	the	dataset	will	therefore	perform	poorly	on	unseen	data	due	to	

the	 lack	 of	 generalisation	 (Caruana,	 Lawrence,	 &	 Giles,	 2001).	 Models	 that	 overfit	

usually	consider	the	noise	in	the	data	in	their	model	estimation	(Babyak,	2004).	

There	are	various	studies	on	tackling	the	problem	of	overfitting.	Although	training	the	

model	with	more	data	is	the	best	solution	to	tackle	this	problem,	additional	data	is	not	

always	accessible.	Using	MLAs	that	are	less	prone	to	overfitting	is	a	feasible	method	to	

reduce	 the	risk	of	overfitting.	Studies	 that	 involve	ensemble	methods	such	as	RF	or	

boosting	 present	 show	 their	 resistance	 to	 overfitting	 (Leo	 Breiman,	 2001;	 Pádraig	

Cunningham,	2000;	Dietterich,	2000;	Liaw	&	Wiener,	2002;	Rätsch,	Onoda,	&	Müller,	

1998).	 In	 ANNs	 using	 dropout	 layers	 (Srivastava,	 Hinton,	 Krizhevsky,	 Sutskever,	 &	

Salakhutdinov,	2014)	help	avoiding	overfitting	 the	data.	Dropout	 is	a	 regularisation	

layer	designed	 to	prevent	complex	adaptation	on	 the	 training	data	by	an	ANN.	This	

method	drops	a	percentage	of	the	network’s	nodes	at	each	training	iteration	(epoch)	

and	 performs	 model	 averaging	 in	 neural	 networks	 (Warde-Farley,	 Goodfellow,	

Courville,	&	Bengio,	2013).	Early	stopping	is	another	regularisation	method	that	stops	

further	training	of	a	learner	which	uses	an	iterative	method	such	as	gradient	descent.	

The	 method	 monitors	 the	 model	 improvement	 i.e.	 loss	 function	 minimisation	 and	

prevents	 further	 learning	 after	 a	 number	 of	 learning	 iterations	 and	 as	 soon	 as	 the	

optimiser	stops	generalising	and	minimising	the	loss	function.	Use	of	early	stopping	

the	training	has	also	shown	success	at	stopping	the	model	before	overfitting	on	the	

training	data	(Caruana	et	al.,	2001).	

	

2.19.3 Impact	of	data	size	and	features	
There	is	no	definition	of	“enough	data”	to	effectively	and	accurately	train	an	MLA	as	

this	is	a	task	specific	definition.	In	big	data	world	having	too	many	features	is	a	common	

issue.	 These	 features	 can	 sometimes	 be	 highly	 correlated	 or	 irrelevant	 to	 the	 task,	

hence	 redundant.	Removing	 the	 redundant	 features	helps	 speeding	up	 the	 learning	

process	as	well	as	building	more	precise	models	as	the	effect	of	the	redundant	features	

is	not	be	positive	on	the	learning	and	the	performance	of	the	models.	Simple	correlation	

tests	are	often	the	initial	steps	to	eliminate	such	features	in	the	dataset.	However	more	



 

	

74 

advanced	techniques	are	essential	as	the	datasets	become	complex	and	the	role	of	non-

linear	correlation	becomes	increasingly	significant.	As	mentioned	before,	RF	or	other	

decision	tree-based	models	can	identify	the	most	significant	features	contributing	the	

most	to	the	learning	of	the	model	after	the	completion	of	training.	This	feature	of	the	

ensemble	decision-tree-based	methods	can	be	used	to	eliminate	the	least	significant	

attributes	regardless	of	the	linear	or	non-linear	correlation	between	them.	This	feature	

has	been	studied	in	many	recent	works	(Archer	&	Kimes,	2008;	Granitto,	Furlanello,	

Biasioli,	 &	 Gasperi,	 2006;	 Louppe,	Wehenkel,	 Sutera,	 &	 Geurts,	 2013;	 Menze	 et	 al.,	

2009).	Although	after	 training	 feature	significance	 identification	remains	one	of	 the	

strongest	methods	to	eliminate	redundant	features	from	a	dataset,	training	the	model	

prior	to	feature	elimination	is	not	always	feasible	due	to	the	size	of	the	datasets.	Hence	

other	dimensionality	reduction	methods	such	as	principal	component	analysis	can	be	

used	for	dimensionality	reduction.	

	

2.19.3.1 Principal	component	analysis	

Principal	 components	 (PC)	 	 (Gabriel,	 1971;	 Wold,	 Esbensen,	 &	 Geladi,	 1987)	 are	

normalised	 linear	 aggregates	 of	 a	 dataset’s	 predictors.	 The	 main	 purpose	 of	 the	

principal	 component	 analysis	 (PCA)	 is	 to	 decrease	 the	 number	 of	 predictors	 or	

dimensionality	reduction.	The	goal	is	to	attain	a	low	dimensional	representation	of	the	

data	that	contains	most	of	the	variance	in	the	original	dataset	and	without	a	significant	

loss	 of	 information	 in	 the	 dataset.	 The	 other	 use	 cases	 of	 the	 PCA	 are	 for	 feature	

selection,	 linear	 relationship	 identification,	 outlier	 detection	 and	 visualisation	 of	 a	

multi-dimensional	 dataset	 in	 a	 2D	 space	 (Tipping	 &	 Bishop,	 1999).	 	 The	 PCA	 uses	

covariance	 between	 the	 observations	 to	 establish	 the	 orthogonal	 principal	

components	of	a	dataset.	

The	principal	components	are	hierarchically	organised,	the	principal	component	one	

(𝑃𝐶{),	signifies	the	highest	variance	in	the	dataset.	The	second	principal	component	

(𝑃𝐶~),	 demonstrates	 the	 highest	 of	 the	 remaining	 variance	 of	 the	 dataset	 and	 it	 is	

orthogonal	to	the	𝑃𝐶{.		

Although	 this	 method	 can	 be	 simply	 extended	 to	 achieve	 the	 desired	 number	 of	

components,	it	is	common	to	plot	𝑃𝐶{	and	𝑃𝐶~	against	each	other	to	present	a	two-

dimensional	 visualisation	 to	 explain	 the	 largest	 variance	 in	 the	 dataset	 (Abdi	 &	

Williams,	2010).	
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In	 PCA,	 correlation	 (covariance)	 matrix	 is	 split	 into	 the	 scale	 or	 eigenvalues	 and	

direction	 or	 eigenvectors.	 Loadings	 are	 the	 correlations	 between	 the	 original	

predictors	and	the	unit	scaled	components.	

Assuming	to	have	a	set	of	predictors	as	𝑋{, 𝑋~, … , 𝑋§	the	𝑃𝐶{	can	be	calculated	as:	

𝑃𝐶{ = 	𝑋{𝛾{{ +	𝑋~𝛾~{ +	𝑋5𝛾5{ + ⋯+	𝑋§𝛾§{	 Equation	2.56	

where,	 𝑃𝐶{	is	 first	 principal	 component,	 𝛾§{	 is	 the	 loading	 vector	 containing	 the	

loadings	𝛾{,	𝛾~,			...		of	the	𝑃𝐶{.	Squared	loadings	indicate	the	percentage	of	the	variance	

in	variable	explained	by	PC.	The	sum	of	squared	loadings	over	all	variables	in	a	dataset	

for	each	PC	sums	to	1.	This	helps	to	reduce	the	large	magnitude	of	loadings	which	can	

lead	to	a	high	variance.	The	loading	vector	also	determines	the	orientation	of	the	𝑃𝐶{	

along	which	 data	 fluctuates	 the	most.	 This	 results	 in	 a	 line	 in	 n-dimensional	 space	

which	is	nearest	to	n	observations.		

𝑋{, … , 𝑋Ï	 are	 normalised	 predictors	 that	 have	 a	 mean	 which	 equals	 to	 zero	 and	

standard	deviation	of	one.	

𝑃𝐶{	 is	 a	 line	 nearest	 to	 the	 data,	 which	 minimises	 the	 sum	 of	 squared	 distance	

(Euclidean	distance)	between	itself	and	the	data	points.		

Similar	to	PC1,	the	second	principal	component	can	be	calculated	as:	

𝑃𝐶~ = 	𝑋{𝛾{~ +	𝑋~𝛾~~ +	𝑋5𝛾5~ + ⋯+	𝑋§𝛾§~	 Equation	2.57	

Figure	2.9	illustrates	PCA	based	on	a	simulated	data	with	2	predictors.	As	it	can	be	seen	

in	this	plot	𝑃𝐶{	and	𝑃𝐶~	are	uncorrelated	and	orthogonal.	

	
Figure	2.9.	Principal	components	𝑃𝐶{	and	𝑃𝐶~	based	on	randomly	simulated	data	with	2	predictors	
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2.19.3.2 Small	data	
While	machine	 learning	 algorithms	 are	 designed	 to	 take	 advantage	 of	 the	 big	 data,	

there	 are	 instances	 where	 attaining	 large	 amount	 of	 data	 is	 not	 possible	 or	 cost	

effective.	Biomedical	data,	time	series	and	aggregated	datasets	are	usually	associated	

with	of	small	data.	Apart	from	having	access	to	enough	examples	to	train	a	model,	the	

data	related	issues	raised	mentioned	before	associated	with	training	of	an	MLA	become	

harder	to	avoid	and	impactful.	Overfitting	to	the	training	or	even	the	validation	sets	

and	 the	 impact	 of	 outliers	 and	noised	 in	 the	 dataset	 are	 the	 best	 examples	 of	 such	

issues.	The	impact	of	small	data	is	more	significant	to	generalisability	of	an	MLA	when	

the	 dimensions	 of	 the	 data	 are	 higher,	 since	 the	 higher	 number	 of	 features	 or	

dimensions,	 the	more	 amount	of	 data	 is	 required	 to	 generalize	 the	data	 accurately.	

Richard	Bellman	refers	to	the	issues	that	rise	with	smaller	size	datasets	as	the	“curse	

of	dimensionality”	(Barrera	et	al.,	2007).	

Small	 datasets	 usually	 contain	 more	 specific	 and	 specialised	 data.	 Modelling	 the	

expensive	 biomedical	 or	 sensitive	 datasets	 can	 lead	 to	 a	 positive	 impact	 of	 lives	 of	

patients	 or	 breakthrough	 in	 medical	 studies.	 However,	 there	 are	 few	 studies	 that	

involve	small	data	modelling	(Barrera	et	al.,	2007;	R.	E.	Bellman,	1961;	C.-X.	Zhang,	

Wang,	 &	 Zhang,	 2011).	 Feature	 selection	 and	 dataset	 clean	 up,	 ensemble	 learning,	

model	 averaging	 and	 distance	 functions	 such	 as	 KNN,	 are	 among	 the	 suggested	

methods	to	build	reasonably	accurate	models	on	small	data	(Houle,	Kriegel,	Kröger,	

Schubert,	&	Zimek,	2010;	Theodoridis	&	Koutroumbas,	n.d.).	The	research	by	Zimek	

(Zimek,	Schubert,	&	Kriegel,	2012)	specifically	addresses	the	“curse	of	dimensionality”	

and	proposes	converting	a	small	data	problem	into	an	anomaly	detection	problem.	

	

2.19.4 Data	Pre-processing	
As	discussed	earlier	in	this	chapter,	pre-processing	procedures	are	set	to	maximise	the	

learning	potential	of	an	MLA	from	a	dataset.	These	procedures	are	often	set	during	the	

extract,	transform	and	load	(ETL)	process	in	data	warehouses.	Pre-processing	reduces	

the	impact	of	the	mentioned	data	related	issues	when	training	MLAs.	Class	imbalance,	

and	dataset	size	issues	are	the	most	common	reasons	for	performing	per-processing	

on	training	data.	As	a	result	of	this	review	a	summary	of	the	common	and	required	data	

pre-processing	 tasks	 that	 need	 to	 be	 carried	 on	 before	 training	 a	machine	 learning	

algorithm	are	listed	below:	
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1. Cleaning:	The	process	of	smoothening	a	noisy	data,	identification	or	removal	of	

the	outliers	or	filling	in	the	missing	values.	This	step	reduces	the	probability	of	

including	noise	in	the	final	model	and	having	a	weak	model.	

2. Integration:	Connecting	a	local	data	source	to	the	algorithm	code	or	providing	

access	to	a	non-local	database	to	the	code.	This	step	is	essential	for	keeping	the	

flow	of	the	data	to	the	model	during	and	after	training.	

3. Transformation:	 The	 process	 of	 aggregation,	 normalisation	 or	 data	 type	

conversion.	Normalisation	of	the	data	is	an	essential	step	when	training	ANNs	

particularly	when	the	dataset	features	are	not	at	the	same	units	or	ranges.	Some	

ANN	models	 require	 specially	 shaped	 or	 high	 dimensional	 predictor	 tensors	

rather	than	raw	feature	sets.	

4. Feature	 enrichment:	 Using	 external	 data	 sources	 or	 aggregation	 to	 create	

enriched	 features	 to	 achieve	 better	 predictive	 performance.	 This	 step	

maximises	 the	 learning	 from	 a	 typical	 training	 set	 and	 simplifies	 model	

inference.	

5. Dimensionality	 reduction:	 Reducing	 the	 redundant	 or	 correlated	 features	 to	

speed	up	 the	 learning	process	and	make	 the	models	more	precise.	This	 step	

speeds	up	the	learning	and	reduces	the	impact	of	noise	and	redundant	features	

which	might	be	misleading	during	the	algorithm	learning	process.	It	also	helps	

the	loss	function	of	the	model	scape	the	trap	of	a	local	minima.	

	 	



 

	

78 

2.20 Summary	
This	 chapter	 described	 several	 well-known	 machine	 learning	 algorithms	 that	 are	

capable	of	performing	classification	or	regression	tasks.	The	modelling	procedure	and	

hypothesis	 made	 by	 each	 algorithm	 was	 discussed	 and	 mathematically	 explained.	

Additionally	the	procedures	for	tuning	the	hyperparameters	of	these	algorithms	and	

the	 impact	 of	 hyperparameter	 optimisation	 on	 their	 performance	 was	 briefly	

explained.		

The	studies	demonstrating	the	effectiveness	of	adequate	and	robust	training	dataset	in	

the	performance	and	generalisation	of	 the	built	models	was	 reviewed	and	common	

issues	related	to	the	training	datasets	such	as	class	imbalance,	high	dimensional	and	

small	data	were	discussed.		

This	chapter	provided	essential	information	about	the	algorithms	and	models	that	are	

built	in	the	following	chapters	of	this	thesis	and	the	procedures	to	train	and	evaluate	

these	models	and	the	components	to	include	in	their	architecture	for	achieving	the	best	

performance.	Also	the	essential	steps	required	during	the	training	stage	to	keep	the	

models	stabalised	and	to	prevent	them	from	overfitting	specially	in	smaller	datasets	

were	introduced	and	explained	as	data	pre-processing.	
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3.1 Introduction	
The	limitations	of	conventional	recommender	systems	and	inflexibility	of	the	expert	

systems	 for	 personalising	 cosmetic	 and	 dermatological	 products,	 has	 led	 to	

investigation	 of	 a	 machine	 learning	 based	 framework	 for	 ingredient-level	 mass-

personalisation	 of	 skin-care	 products.	 The	 personalised	 skin-care	 is	 set	 to	 provide	

optimal	treatment	by	using	the	most	appropriate	and	highest	quality	cosmetic	product	

specifically	designed	for	a	dermatological	condition.	

Chapter	 1	 reviewed	 current	 approaches	 for	 personalisation	 of	 dermatological	 and	

biomedical	products,	with	an	emphasis	on	dermatological	prototypes,	the	problem	of	

cold	 start	 and	 the	 requirement	 for	 constant	 machine	 supervision	 in	 mass	

personalisation	of	products.		

To	 personalise	 a	 skin-care	 product,	 it	 is	 important	 to	 personalise	 every	 ingredient	

included	in	the	product.	Since	skin-care	products	are	made	of	multiple	ingredients,	a	

personalised	 skin-care	 production	 model	 should	 be	 able	 to	 predict	 multiple	

ingredients	 i.e.	 be	 multi-target.	 The	 methods	 and	 algorithms	 for	 multi-target	 and	

stacked	single	target	modelling	were	reviewed	in	chapter	2	and	their	characteristics	

and	limitations	for	real	time	applications	were	highlighted.		

This	 chapter	 introduces	 novel	 techniques	 developed	 in	 this	 research	 to	 adaptively	

personalise	skin-care	products.	 It	 then	combines	 them	to	 form	a	unified	 framework	

that	 includes	procedures	and	modules	required	to	develop	a	comprehensive	system	

capable	of	utilising	various	predictors	to	personalise	skin-care	products.	The	chapter	

describes	the	modules	of	this	framework	and	the	procedures	to	develop	a	functional	

system	based	on	this	framework.	

This	framework	is	especially	designed	for	small	prototypes	that	do	not	have	access	to	

large	numbers	of	training	samples	for	machine	learning	training.	It	helps	with	scaling	

up	 such	 prototypes	 in	 real-time	 automatically	 and	 with	 minimal	 human	 expert	

intervention.	The	 framework	adapts	to	the	requirements	of	 the	patients	by	utilising	

their	feedback	through	a	novel	feedback	learning	technique	to	improve	its	products’	

over	time.	

	

3.2 Cosmetic	ingredients	
Cosmetic	 products,	 similar	 to	 food	 products	 and	 medicine,	 are	 made	 of	 various	

ingredients.	 These	 ingredients	 often	 include	 fragrances,	 actives,	 preservatives	 and	

base	 ingredients.	 The	 ingredient	 selection	 and	 the	 amount	 of	 each	 ingredient	 in	
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cosmetic	 formulations	 are	 crucial	 factors	 in	 effectiveness	 of	 the	 cosmetic	 product.	

There	is	also	a	strong	correlation	between	the	ingredients	and	the	effectiveness	of	a	

cosmetic	 product.	 Hence,	 there	 is	 a	 link	 between	 these	 ingredients	 and	 the	

characteristics	of	the	body	area	that	they	will	be	applied	to.	Since	almost	all	cosmetic	

products	are	being	applied	on	the	human	skin,	certain	skin	measurements	have	a	direct	

correlation	with	skin	conditions	and	are	therefore	correlated	with	the	ingredients	of	

the	cosmetic	product	that	can	relieve	a	skin	condition.		

To	build	a	system	capable	of	determining	the	concentrations	of	these	ingredients	for	a	

typical	skin	condition,	the	link	between	skin-profile	and	measurements	and	the	skin-

care	ingredients	must	be	identified	precisely.	This	complex	link	can	be	represented	as	

a	 statistical	model	 (Akaike,	 1974;	Nasrabadi,	 2007).	 An	 efficient	method	 to	 build	 a	

statistical	model	 by	deriving	 such	 rules	 and	producing	 ingredients	 for	 a	 set	 of	 skin	

measurements	is	machine	learning.	Although	models	built	through	machine	learning	

are	not	only	 limited	to	statistical	models	and	could	also	be	rule	based,	 fuzzy,	etc.	or	

combination	of	them.	Such	model	can	predict	the	ingredients	of	the	personalised	skin-

care	products	by	receiving	the	skin-profile	and	measurements	of	the	new	patients	as	

input	parameters	or	predictors.	

	

3.3 Modelling	strategy	for	skin-care	formulations	
This	work	aims	 to	utilise	multivariate	and	multi-target	 (multiple-output)	models	 to	

produce	 multiple	 ingredients	 of	 a	 cosmetic	 formulations.	 Different	 strategies	 for	

building	supervised	learning	models	were	introduced	in	chapter	2.	Thus,	selecting	the	

right	 strategy	 to	 correctly	map	multiple	 variables	 and	 their	 targets	 in	 this	work	 is	

essential.	

Multi	 target	 models	 aim	 to	 link	 multiple	 predictor	 variables	 to	 multiple	 target	

variables.	Hence,	they	have	one	input	variable	per	skin	measurement	variable	and	one	

output	 variable	 per	 cosmetic	 formula	 ingredient.	 These	 variables	 can	 be	 either	

dependant	or	independent.		

The	review	in	chapter	2	suggests	that,	two	types	of	supervised	learning	strategies	can	

be	applied	to	multi	target	supervised	learning	tasks,	stacked	multivariate	input	single-

target	output	(MISO)	and	multivariate	input	multi-target	output	(MIMO).	Algorithms	

using	MIMO	strategy	predict	multiple	 ingredients	of	 a	 formulations	 at	 once.	On	 the	

other	hand,	a	stack	of	MISO	algorithms	is	required	for	the	same	task.	In	fact,	a	single	
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MIMO	model	can	produce	all	ingredients	of	a	skin-care	product	while	a	separate	MISO	

model	needs	to	be	trained	per	ingredient	when	adopting	a	stacked	MISO	strategy.	

The	 nature	 of	 the	 ingredients	 in	 a	 cosmetic	 product	 and	 the	 fact	 that	 the	 product	

ingredients	are	correlated	implies	that	the	MIMO	strategy	is	more	likely	to	be	effective	

as	it	can	also	incorporate	the	interrelation	between	the	ingredients.	This	is	especially	

beneficial	when	products	have	dependent	ingredients.	

Both	MIMO	 and	 stacked	MISO	 strategies	will	 be	 compared	 on	 a	 real	 case	 study	 of	

personalised	skin-care	products	in	chapter	5,	to	select	the	suitable	modelling	strategy	

for	skin-care	ingredients.	

	

3.4 Incremental	learning	over	growing	patient	data	
Learning	process	is	an	indefinitely	going	process	in	incremental	learning	tasks	as	all	

the	training	observations	are	not	available	in	advance,	but	usually	come	one	by	one	and	

over	time.	Also,	the	time	interval	between	receiving	new	observations	is	not	negligible	

and	it	is	not	feasible	to	wait	for	all	the	observations	to	arrive	before	training	a	model	

on	them.	Hence,	an	IL	agent	needs	to	use	the	incoming	observations	either	one	by	one	

or	in	batches,	to	update	its	knowledge.	

Therefore,	incremental	learning	is	a	suitable	approach	for	knowledge	acquisition	and	

update	 in	 a	 dermatological	 prototype,	where	 data	 becomes	 available	 gradually	 and	

over	 time.	 For	 a	model	 producing	 personalised	 skin-care,	 knowledge	 update	 helps	

producing	more	precise	 formulations	 for	 the	 skin-care	products.	However,	 the	new	

data	 should	 be	 accurate,	 constructive	 and	 in	 a	 format	 that	 is	 ready	 to	 extract	 new	

knowledge	from.		

After	receiving	an	initial	supervised	training	over	skin	profiles	and	attributed	skin-care	

formulations,	 a	 model	 is	 created	 to	 link	 these	 ingredients	 and	 predict	 skin-care	

formulations	for	new	skin-	profiles.	New	or	unseen	skin-profiles	are	introduced	to	the	

model	 through	 a	 new	product	 request.	 The	model	 generates	 products	 based	 on	 its	

inference	 from	 the	 initial	 training.	 The	 new	 skin-profiles	 and	 the	 newly	 produced	

formulations	form	the	predictors	and	target	variables	of	new	observations.		

Incrementally	 training	 the	 model	 over	 these	 new	 observations	 i.e.	 the	 new	 skin-

profiles	and	formulations	that	are	the	result	of	the	model’s	initial	inference,	does	not	

result	in	any	positive	new	inference	and	constructive	knowledge	update.	The	reason	is	

that	the	generated	formulations	have	a	certain	error	based	on	the	comprehensiveness	

of	the	initial	knowledge	of	the	model.	This	error	depends	on	how	familiar	the	model	is	
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with	 the	new	skin-profiles.	By	 incrementally	 training	 the	model	over	 the	generated	

formulations	the	initial	knowledge	of	the	model	is	unlikely	to	improve	and	may	even	

deteriorate	 due	 to	 learning	 from	 inaccurate	 observations	 that	 conflicts	 with	 the	

previous	knowledge	of	the	model.	

However,	by	improving	on	the	generated	formulations	through	an	external	source	or	

supervisor	and	by	reducing	this	error,	new	and	positive	production	knowledge	can	be	

derived	from	the	new	observations.	

The	next	section	introduces	a	method	to	improve	on	the	formulations	generated	for	

new	patients	automatically	and	via	the	feedback	received	from	the	patients	after	using	

the	product	 in	an	 isolated	process.	The	knowledge	 from	the	new	observations	with	

improved	 formulations	 can	 then	 be	 used	 to	 update	 model	 inference	 through	

incremental	learning	and	generate	more	accurate	formulations	for	future	patients.	

	

3.5 Iterative	feedback	learning	method	
The	study	by	Quek	(Quek,	Tan,	Goh,	&	Abbass,	2009)	proposes	an	evolutionary	learning	

framework	for	iterated	prisoner’s	dilemma	(IDP),	a	mathematical	game	that	is	often	

used	 to	model	 behavioural	 interaction	 in	 real	 life	 (Axelrod	&	Hamilton,	 1981).	 The	

framework	proposed	in	this	study	has	an	incremental	learning	scheme	incorporating	

a	classification	agent,	probabilistic	strategy	update	and	a	feedback	learning	mechanism	

into	 the	evolutionary	process.	The	 feedback	 in	 this	process	 is	 in	 form	of	 success	or	

failure	and	the	agent’s	strategies,	which	are	good	against	an	opponent	could	be	bad	for	

another.	 The	 agent	 evolutionarily	 learns	 from	 the	 success	 feedback	 and	 a	 negative	

feedback	results	in	a	probabilistic	change	in	strategy.	This	is	similar	to	a	feedback	for	a	

skin-care	product	which	is	subjective	and	can	be	less	constructive	for	another	patient.	

Understanding	 the	 concept	 of	 failure	 and	 success	 is	 crucial	 for	 determining	

effectiveness	 of	 the	 iterative	 feedback	 learning	 and	 exerts	 great	 impact	 on	

performance.	For	a	skin-care	product,	success	could	be	a	positive	impact	and	failure	a	

negative	 or	 no	 impact	 on	 the	 patient’s	 skin	 condition.	 However,	 more	 precise	 and	

detailed	feedbacks	are	likely	to	speed	up	the	adaptation	process	of	a	feedback	learning	

agent.	For	 instance	using	a	scalar	 feedback	or	more	complex	 feedback	channels	has	

proven	more	effective,	however	at	the	cost	of	higher	system	complexity	in	some	studies	

(Narciss,	2008;	Quek	et	al.,	2009).	Also,	the	strategy	update	for	production	of	skin-care	

products	is	complex	and	it	is	not	feasible	update	it	via	rigid	rules.	



 

	

84 

The	study	by	Chen,	et	al.	 (2012)	proposes	a	closed	 loop	 iterative	 feedback	 learning	

framework	for	voice	recognition	based	on	dynamic	time	wrapping.	The	study	proves	

more	noise	tolerance	and	accuracy	when	comparing	the	framework	with	non-feedback	

voice	 recognition	 systems.	 This	 study	 performs	 time	 series	 comparison	 on	 the	

reference	feature	vector	and	the	test	feature	vector	and	updates	the	voice	recognition’s	

acoustic	 patterns	 (reference	 templates)	 based	 on	 a	 manual	 feedback	 processing	

algorithm.	Based	on	this	procedure,	it	is	able	to	create	a	new	reference	template	at	each	

iteration	of	learning.	This	is	an	example	of	promising	results	for	an	iterative	feedback	

learning	technique	although	the	feedback	learning	performed	in	this	study	is	through	

a	 pre-defined	 algorithm	 for	 a	 limited	use	 case	 and	 cannot	 be	 applied	 to	 a	 different	

problem.	Hence	this	approach	is	not	feasible	to	be	adapted	for	a	generalised	framework	

for	personalised	skin-care.	

The	study	by	Azoury		(2001)	uses	online	learning	to	reduce	a	relative	loss	with	respect	

to	the	previously	observed	examples.	The	study	aims	to	find	a	parameter	setting	that	

minimizes	 the	 expected	 loss	 on	 a	 new	 example	 that	 is	 drawn	 from	 the	 same	 data	

distribution.	The	study	compares	the	loss	achieved	through	incremental	learning	to	an	

offline	learner	that	had	access	to	the	complete	data	set.	

The	proposed	technique	in	this	thesis	is	inspired	by	the	ideas	introduced	in	the	studies	

above.	The	proposed	feedback	learning	technique	uses	a	closed	loop	iterative	learning	

by	 full	 retraining	over	an	adaptively	varying	 training	 set.	This	adaptive	 training	 set	

includes	 the	 previous	 observations	 which	 have	 slightly	 different	 formulations.	 The	

proposed	 iterative	 feedback	 learning	 method	 is	 aiming	 for	 loss	 reduction	 through	

generating	more	accurate	predictions.	In	this	case	the	loss	reduction	is	a	consequence	

of	more	 accurate	predictions	 and	 is	not	 achieved	directly.	Hence,	 comparison	of	 all	

variations	 of	 the	 predicted	 output	 and	 achieved	 feedback	 facilitates	 learning	 the	

relation	between	the	feedbacks	and	predictions.	

During	 the	 proposed	 process	 of	 iterative	 feedback	 learning,	 the	 learning	 agent	

observes	 a	 length-d	 predictor	 vector	 𝑥 = 	 (𝑥{, . . . , 𝑥Ï)		 and	 predicts	 the	 set	 of	

ingredients	 𝑦 = 	 {𝑦{, . . . , 𝑦§}	among	 n	 ingredients	 in	 a	 skin-care	 formulation	 at	 each	

iteration	𝑖.	The	agent	then	receives	an	externally	sourced	feedback	for	the	predicted	

ingredients.	This	feedback	can	either	be	binary	(true	or	false)	or	complex.		

The	study	by	Nagi	et	al.	(2012)	uses	the	true	labels	as	feedback	signal	to	the	learner	in	

order	to	update	the	model’s	learning	parameters	and	minimise	the	relative	prediction	

loss.	However,	this	approach	is	not	feasible	for	the	problem	of	skin-care	production.	
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The	reason	is	that	the	knowledge	of	correct	skin-care	ingredient	amounts	cannot	be	

expected	from	the	patients,	however	there	are	circumstances	in	which	the	true	labels,	

i.e.	the	exact	amounts	of	formulation	ingredients	can	be	provided	by	an	expert.		

This	 work	 proposes	 a	 scalar	 value	 F	 describing	 the	 effectiveness	 of	 the	 skin-care	

product,	which	is	extracted	from	patient’s	feedback.	This	feedback	score	is	then	sent	to	

the	 learner	as	an	 indicator	of	 the	correctness	of	 the	predicted	 formulations.	As	 this	

scalar	feedback	score	is	only	an	estimate	of	the	correctness	of	the	predicted	ingredient	

set	𝑦	by	the	patient	or	a	supervisor	(expert),	linking	this	score	in	a	precise	way	to	the	

product	ingredients	is	a	very	complex	task.		

To	solve	this	complex	task	i.e.	to	link	the	feedback	F	to	product	ingredients	and	to	use	

F	for	adapting	to	the	supervisor’s	desired	ingredient	set	𝑦�¾7Í	with	the	most	desirable	

score	 or	 𝐹�Î¡,	 this	 thesis	 proposes	 using	 a	 learning	 agent	 to	 find	 the	 connection	

between	F,	𝑦	and	the	predictor	set	𝑥.	This	learning	agent	is	independent	of	the	primary	

learning	 agent,	 which	 is	 used	 to	 model	 producing	 the	 personalised	 skin-care	

formulations.	This	secondary	agent	learns	to	link	the	feedback	to	the	formulations	by	

trial	 and	 error	 through	 observing	 the	 observations	 with	 different	 feedback	 and	

formulation	for	repeated	patients.	As	explained	earlier,	the	learner	is	retrained	over	

the	 growing	 training	 set	 of	 predictors,	 formulations	 and	 feedback	 to	 map	 the	

ingredients	of	a	skin-care	formulation	to	this	feedback	score.	Then	the	model	built	at	

each	 iteration	 of	 feedback	 learning	 is	 used	 to	 generate	 an	 altered	 version	 of	 the	

ingredient	set	that	is	associated	with	the	feedback	score	𝐹�Î¡	and	is	closer	to	𝑦�¾7Í.	This	

process	is	repeated	over	growing	training	set	of	observations	with	the	feedback	and	

the	agent	is	expected	to	learn	this	mapping	as	more	observations	are	provided	for	this	

comparative	learning.	

The	algorithm	introduced	above	is	named	“iterative	feedback	learning	by	a	 learning	

agent”	or	(IFLLA).	The	pseudo	code	for	the	proposed	IFLLA	algorithm	is	provided	in	

Table	3.1.	
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Table	3.1.	Algorithm	for	iterative	feedback	learning	by	a	learning	agent	(IFLLA)	

Input	predictor	𝑥 = 	 (𝑥{, . . . , 𝑥Ï)	and	ingredient	set	𝑦 = 	 {𝑦{, . . . , 𝑦§}	

Output	ingredient	set	𝑦′ = 	 {𝑦′{, . . . , 𝑦′§}	

Initialise	 iteration	 𝑖 = 0	 and	maximum	 feedback	 learning	 iterations	 𝑍	 ,	 learner	 L,	 feedback	 score	

required	to	achieve	𝑦,	𝑖𝑠	𝐹�Î¡,	A	=	empty	training	set	

𝐝𝐨	receive	feedback	score	𝐹� = 𝐹¥	𝑓𝑜𝑟	𝑦	

𝑥,� = (𝑥{, . . . , 𝑥Ï, 𝐹�)	

𝑥,�Î¡ = (𝑥{, . . . , 𝑥Ï, 𝐹�Î¡)	

do	append	(merge	(x,è, y))	in	A	

𝐝𝐨	Update	weights	L(𝐴)	

𝐝𝐨	Predict	𝑦�	=𝑦¥	=	L(𝑥,�Î¡)	

𝑓𝑜𝑟	𝑖 <	= 	𝑍 − 1:	

																𝐝𝐨	receive	feedback	score	𝐹�	𝑓𝑜𝑟	𝑦�	

																𝑥,� = (𝑥{, . . . , 𝑥Ï, 𝐹�)	

																do	append	(merge	(x,è, 𝑦�))	in	A	

																𝐝𝐨	Update	weights	L(A)	
																𝐝𝐨	Predict	𝑦�		=	L(𝑥,�Î¡)	

																	𝑖 = 	𝑖 + 1	

Return	𝑦, =	𝑦½�{	

	

By	retraining	a	supervised	learning	agent	over	observations	with	multiple	scores,	the	

learner	is	expected	to	set	new	thresholds	for	the	score	variable	automatically	at	each	

feedback	 learning	 iteration.	The	 threshold	 separates	observations	 into	 score	bands.	

The	model	can	then	infer	from	the	observations	with	similar	score	band	(set	by	the	

threshold)	the	knowledge	to	generate	formulations	with	a	similar	feedback	score.	 If	

the	new	observations	have	a	lower	feedback	score,	it	will	result	in	a	positive	movement	

step	 towards	 the	 desired	 score,	 otherwise	 new	 observations	 are	 less	 likely	 to	

contribute	to	generation	of	the	next	formulation	as	they	will	be	placed	in	the	score	band	

that	does	not	contribute	to	the	next	formulation	generation.	

The	model	then	uses	the	next	observations	with	feedback	to	update	the	threshold	and	

generate	 more	 accurate	 formulations.	 Repeating	 this	 process	 eventually	 leads	 to	

slightly	better	formulations	until	the	score	and	patient	satisfaction	reaches	a	desired	

threshold.	However,	IFLLA	is	likely	to	result	in	very	slow	rate	feedback	learning	and	

formulation	improvements	as	the	supervised	learning	agent	requires	various	examples	

to	learn	the	link	between	predictors	and	targets	of	a	training	set.	Also,	if	very	few	or	no	
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accurate	formulations	exist	in	its	training	set,	each	iteration’s	prediction	improvement	

will	be	minimal.	

In	addition	to	learning	from	a	single	feedback	corresponding	to	a	single	product,	the	

IFLLA	can	be	applied	on	a	batch	of	predictors	and	target	ingredients	given	feedback	is	

being	 provided	 for	 the	 batch	 during	 all	 iterations	 feedback	 learning.	 This	 can	 help	

training	 fewer	 individual	 learners	 and	 reducing	 the	 system	 complexity	 as	 well	 as	

speeding	up	the	process	for	all	patients.	

To	 do	 so	 the	 predictor	 set	 𝑥 = 	 (𝑥{, . . . , 𝑥Ï)		 and	 ingredients	 𝑦 = 	 {𝑦{, . . . , 𝑦§}	 are	

represented	in	matrix	notation	as	X	=	(𝑥�°) ∈ ℝ-×Ï	,		and	Y	=	(𝑦�°) ∈ ℝ-×§		where	𝑜	is	

the	number	of	observations	per	batch.	Mapping	the	formulations	and	feedback	from	

different	patients	in	a	training	batch	is	a	more	complex	task	compared	to	solutions	that	

learn	the	feedback	for	a	single	observation	at	a	time.	However,	IFLLA	is	capable	of	this	

mapping	as	it	uses	supervised	learning	to	infer	the	rules	at	each	iteration	instead	of	

manually	setting	these	rules.	However,	the	type	of	learning	algorithm	highly	depends	

on	the	complexity	and	combination	of	the	patients	in	the	batches.		

	

3.5.1 Knowledge	transfer	between	learners	
Since	 IFLLA	 is	 performed	 on	 a	 secondary	 learner	 without	 the	 prior	 knowledge	 of	

ingredient	prediction,	it	has	to	infer	the	relations	between	the	feedback	and	the	targets	

as	well	as	predictors	and	targets,	during	the	 iterative	 learning	process.	The	 latter	 is	

similar	to	what	the	primary	learner	does.		

As	 explained	 earlier	 this	 can	 results	 in	 a	 long-term	 learning	 process	 to	 achieve	

acceptable	 prediction	 accuracy	 and	 may	 result	 in	 initially	 inaccurate	 ingredient	

predictions	 due	 to	 overfitting.	 As	 explained	 in	 chapter	 1	 this	 is	 also	 an	 issue	 with	

approaches	 such	 as	 RL	where	 one	 agent	 is	 responsible	 for	 feedback	 learning	 over	

several	integrations.		

As	a	solution,	this	thesis	proposes	transfer	learning	from	a	primary	learner	with	the	

knowledge	 of	 ingredient	 generation,	 to	 the	 secondary	 learner	 responsible	 for	

adaptation	based	on	the	feedback.	The	learning	parameters	of	the	secondary	learner	

are	 initialised	 using	 the	 transfer	 learning	 prior	 to	 start	 of	 the	 IFLLA.	 Knowledge	

transfer	from	primary	learner	acts	similar	to	a	warm	start	as	opposed	to	the	cold	start	

problem	for	personalisation,	as	discussed	in	chapter	1.		

As	the	score	 is	 the	most	significant	 factor	 in	producing	more	accurate	 formulations,	

having	more	observations	with	a	score	closer	to	𝐹�Î¡	in	the	training	set,	increases	the	
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chances	 of	 improvement	 at	 each	 feedback	 learning	 iteration,	 given	 the	 extra	

observations	are	similar	or	correlated	with	the	observations	that	the	feedback	is	being	

learnt	for.	As	the	dataset	is	small,	and	the	observations	are	correlated,	the	learner	is	

expected	 to	 initially	 overfit	 this	 dataset.	 This	 results	 in	 generation	 of	 formulations	

similar	to	the	formulations	with	desirable	score	with	a	score	in	the	range	between	the	

original	and	the	desire	score.	By	providing	feedback	for	these	improved	formulations,	

the	learner	can	further	improve	on	the	formulations	at	the	next	iteration	following	the	

same	procedure.	

Although	knowledge	transfer	between	the	same	types	of	MLA	follows	an	established	

procedure	and	model	parameters	can	simply	get	transferred	to	a	model	of	the	same	

architecture,	i.e.	ANN	to	ANN	or	RF	to	RF,	transferring	the	knowledge	between	different	

learner	types	is	more	challenging.	Since	the	IFLLA	technique	is	initially	applied	on	a	

small	training	batch,	ensemble	tree	or	rule-based	methods	can	be	suitable	options	for	

the	second	learner	as	explained	in	2.19.3.2.	However,	the	primary	learner	can	utilise	a	

different	 algorithm	 as	 it	 is	 being	 trained	 over	 a	 larger	 training	 set	 and	 it	 aims	 to	

perform	a	different	task	to	the	secondary	learner,	i.e.	producing	the	products	without	

incorporating	the	feedback.	

Various	 studies	 propose	 instance	 transfer	 techniques	 for	 transferring	 knowledge	

between	 different	 learners	 as	 an	 alternative	 to	 parameter	 transfer	 which	 is	 only	

feasible	when	transferring	between	the	same	MLA	types.	The	study	by	Lim	(Srivastava	

&	Salakhutdinov,	2013)	proposes	an	instance	borrowing	scheme	to	introduce	similar	

images	from	a	different	type	to	a	training	set	to	boost	the	inference	and	performance	

of	 a	 learner.	 Cao,	 et	 al.	 (2013)	measures	 the	 distance	 between	 samples	 to	 identify	

similar	samples	in	a	labelled	dataset	after	performing	KNN	on	them.	It	then	uses	this	

distance	to	merges	the	similar	samples	to	an	unseen	scene	dataset	to	boost	learning	on	

the	unseen	scene.		

Being	inspired	by	the	mentioned	two	studies,	this	thesis	proposes	an	instance	transfer	

approach	between	 the	 two	 learners	 to	build	 the	 initial	 inference	(warm	start)	 for	a	

small	sample	of	patients	prior	to	the	start	of	IFLLA.	This	helps	keeping	the	proposed	

technique	 comprehensive	 and	 capable	 of	 dealing	 with	 different	 types	 of	 MLAs	 as	

learning	 agent.	 The	 proposed	 approach	 finds	 known	 instances	 from	 the	 primary	

leaner’s	 training	 set	 that	 have	 similar	 predictors	 to	 the	 instances	 in	 the	 secondary	

learner’s	training	batch.	The	similar	instances	are	then	merged	with	this	batch	to	create	

a	new	training	set	for	the	secondary	learner.		
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Finally,	IFLLA	is	initiated	by	training	the	secondary	learner	on	this	new	training	set.	

This	new	training	set	is	referred	to	as	adaptation	dataset	and	will	be	further	explained	

in	this	chapter.	The	algorithm	for	IFLLA	with	initialisation,	also	referred	to	as	IFLLAI,	

is	presented	in	Table	3.2.	

	
Table	3.2.	Algorithm	for	iterative	feedback	learning	by	a	learning	agent	with	initialisation	(IFLLAI)	

Input	predictor	𝑥 = 	 (𝑥{, . . . , 𝑥Ï)	and	ingredient	set	𝑦 = 	 {𝑦{, . . . , 𝑦§}	

Output	ingredient	set	𝑦′ = 	 {𝑦′{, . . . , 𝑦′§}	

Initialise	 iteration	 𝑖 = 0	 and	maximum	 feedback	 learning	 iterations	 𝑍	 ,	 learner	 L,	 feedback	 score	

required	to	achieve	𝑦,	𝑖𝑠	𝐹�Î¡,	A	=	empty	training	set,	TS	=	training	set	of	the	primary	learner	

SI	=	instances	with	similar	predictors	to	𝑥	in	TS		

do	append	SI	in	A	

𝐝𝐨	receive	feedback	score	𝐹� = 𝐹¥	𝑓𝑜𝑟	𝑦	

𝑥,� = (𝑥{, . . . , 𝑥Ï, 𝐹�)	

𝑥,�Î¡ = (𝑥{, . . . , 𝑥Ï, 𝐹�Î¡)	

do	append	(merge	(x,è, y))	in	A	

𝐝𝐨	Update	weights	L(𝐴)	

𝐝𝐨	Predict	𝑦�	=𝑦¥	=	L(𝑥,�Î¡)	

𝑓𝑜𝑟	𝑖 <	= 	𝑍 − 1:	

																𝐝𝐨	receive	feedback	score	𝐹�	𝑓𝑜𝑟	𝑦�	

																𝑥,� = (𝑥{, . . . , 𝑥Ï, 𝐹�)	

																do	append	(merge	(x,è, 𝑦�))	in	A	

																𝐝𝐨	Update	weights	L(A)	
																𝐝𝐨	Predict	𝑦�		=	L(𝑥,�Î¡)	

																	𝑖 = 	𝑖 + 1	

Return	𝑦, =	𝑦½�{	

	

IFLLAI	provides	the	second	learner	with	an	additional	limited	ingredient	production	

knowledge	to	initiate	the	feedback	learning.	The	secondary	learner	then	modifies	this	

initial	knowledge	by	iteratively	learning	to	utilise	the	feedback	score	from	the	patients	

and	achieve	a	more	favourable	feedback	score	at	each	iteration.	
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3.5.2 Benefits	of	using	IFLLAI	for	personalisation	of	skin-care	products	
In	 addition	 to	 enabling	 feedback	 learning	 and	 further	 personalisation	 of	 skin-care	

products,	 IFLLAI	 has	 several	 other	 benefits	 regarding	 the	 production	 system	

performance.	These	benefits	are	listed	below:	

	

• Enables	separate	production	and	adaptation	procedures.	This	helps	avoiding	

any	 negative	 impacts	 on	 the	 main	 production	 model’s	 performance	 during	

adaptation	and	keeping	the	performance	steady.	

• Reduces	the	requirement	for	retraining	the	main	production	model.	Retraining	

the	main	learner	is	a	costly	procedure	especially	as	the	training	data	grows	over	

time.	The	primary	learner	only	updates	its	knowledge	when	a	batch	of	correct	

observations	is	prepared	by	the	secondary	learner.	

• Enables	benefiting	from	two	MLAs	for	main	production	and	adaptation.	As	the	

two	 processes	 are	 different,	 the	 most	 performant	 algorithm	 for	 main	

production	(primary)	can	be	different	from	a	highly	performant	adaptation	or	

secondary	algorithm.	IFLLAI	allows	using	the	best	algorithm	for	each	process	

independently.	

	 	



 

	

91 

3.6 Framework	for	mass	personalisation	of	skin-care	products	
This	research	entailed	designing	an	adaptive	framework	for	mass	personalisation	of	

skin-care	products	(AFPSP)	to	facilitate	and	unify	of	the	following:	

	

1.	Producing	effective	and	personalised	products	specifically	for	a	certain	skin	profile	

(skin	type)	and	a	certain	skin	condition.	

2.	Adapting	to	the	patients’	varying	needs	over	time	as	the	skin	conditions	change	due	

to	change	in	underlying	conditions	or	seasonal	effects.	

3.	Reducing	the	manual	sample	processing,	laboratory	tests	and	manufacturing	costs	

by	utilising	ML	to	bring	personalisation	to	the	masses	with	minimal	expert	supervision	

after	the	initial	system	training.	

4.	Produce	reliable	products	for	new	patients	and	unseen	skin-profiles	and	infer	new	

knowledge	from	them	automatically.	

	

3.6.1 Production-learning	cycles	
This	work	introduces	the	term	“production-learning”	cycle	or	iteration	as	a	full	cycle	

of	 predicting	 the	 amounts	 of	 the	 ingredients	 in	 a	 skin-care	 formulation,	mixing	 the	

ingredients	 and	 producing	 the	 skin-care	 product,	 providing	 the	 patient	 with	 the	

product,	 receiving	product	 feedback	 from	 the	patient	 after	use,	 and	 finally	 learning	

from	 the	 feedback,	 updating	 the	 knowledge	 and	 adjusting	 the	 parameters	 of	 the	

production	 system.	 The	 system	 update	 is	 performed	 automatically	 by	 feedback	

learning	from	the	patients	for	previously	generated	products	and	results	in	producing	

an	improved	product	for	the	returning	patient.	

AFPSP	 is	capable	of	automatically	adapting	to	 individual	needs	of	 the	patients,	over	

several	production-learning	cycles	using	the	proposed	IFLLAI	technique.	These	cycles	

are	triggered	when	the	system	receives	a	weak	product	feedback	from	the	existing	or	

new.	The	system	uses	the	feedback	from	the	customers	to	change	the	formulation	in	a	

way	that	would	lead	to	a	more	favourable	feedback	next	time.	A	production	learning	

cycle	is	illustrated	in	Figure	3.1.	
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Figure	3.1.	Four	stages	of	the	production-learning	cycle.	AFPSP	is	capable	of	automatically	adapting	the	formulation	
generation	models	to	requirements	of	the	patients,	over	several	production-learning	cycles	via	IFLLAI.	

	

3.6.2 AFPSP	units	and	procedures	
AFPSP	involves	five	main	units	for	acquiring	an	initial	knowledge	base	for	producing	

skin-care	products,	incorporating	any	external	data	sources	in	addition	to	predictors	

of	 the	 initial	 knowledge	 base,	 processing	 patient	 feedback,	 classifying	 the	 patients	

based	 on	 their	 feedback	 and	 automatically	 adapting	 to	 patient	 feedback	 iteratively.	

These	units	and	are	introduced	in	the	following	section.	

	

3.6.2.1 Core	formulation	production	unit	(CFU):	

This	 unit	 is	 responsible	 for	 extracting	 knowledge	 from	 an	 initial	 source,	 producing	

skin-care	formulations	and	updating	the	initial	knowledge	over	time	to	improve	on	the	

produced	products.		

The	core	model	of	the	CFU	is	developed	by	training	a	primary	MLA	on	an	initial	training	

dataset	 and	 infer	 a	 link	 between	 the	 personalised	 skin-care	 formulations	 and	 any	

associated	 predictors.	 Skin	measurements	 and	 other	 biomedical	 predictors,	 patient	

preferences	and	external	(non-biomedical)	variables	are	possible	predictors	for	this	

model.			

The	training	dataset	is	initially	produced	by	an	expert	system	and	includes	skin-profile	

variables	 such	 as	 skin-measurements	 as	 predictors	 and	 ingredients	 of	 skin-care	

formulations	as	target	variables.	The	training	set	is	stored	in	the	patients’	skin-profile	

and	formulation	(PPF)	database	prior	to	development	of	the	core	model.		

The	unit	has	the	two	following	sub-units:	

• Core	machine	learning	model	(primary	learner)	

• Main	patients’	profile	and	formulation	database	(PPF)	
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3.6.2.2 External	data	processor	unit	(EPU)	
This	unit	performs	pre-processing	on	any	external	and	additional	attributes	that	are	

not	originally	selected	as	predictors	although,	may	have	an	impact	on	the	predictions	

and	can	be	used	to	improve	them.	External	data	is	referred	to	time-variant	parameters	

or	high	dimensional	data	such	as	images.	EPU	is	responsible	for	pre-processing	these	

external	non-biological	 features	 for	 the	core	model.	This	enables	AFPSP	 to	 factor	 in	

time	variant	data	and	other	types	of	variables	into	the	CFU	to	improve	accuracy	and	

adaptation,	 given	 a	 relation	 between	 these	 external	 parameters	 and	 the	 original	

predictors	of	the	training	dataset	exists.	The	external	features	prepared	by	the	EPU	are	

stored	 it	 in	 the	 PPF	 database	 to	 be	 used	 as	 additional	 predictors	 to	 the	 learners	

involved	in	AFPSP.	

	

3.6.2.3 Feedback	processor	unit	(FPU)	
This	unit	converts	the	feedback	provided	by	the	patients	to	a	unified	scalar	score	for	

the	 IFLLAI.	 This	 score	 is	 then	 attributed	 to	 the	 associated	 observations	 to	 enable	

adaptation	and	further	customisation	of	products.	

	

3.6.2.4 Patient	processor	unit	(PPU)	
This	unit	classifies	the	returning	patients	with	a	repeated	product	request	into	either	

with	or	without	 feedback.	The	observations	 (predictors,	 formulation	and	 feedback)	

without	 feedback	 do	 not	 receive	 further	 adaptation.	 The	 feedback	 score	 for	 the	

observations	 with	 feedback	 is	 checked	 against	 a	 threshold	 indicating	 the	 patient	

satisfaction.			

The	observations	exceeding	the	satisfaction	criteria	are	stored	into	the	PPF	database	

as	future	training	sets	for	the	CFU	and	will	not	receive	further	adaptation.	Observations	

with	 unsatisfactory	 feedback	 scores	 are	 sent	 for	 adaptation	 to	 achieve	 a	 more	

favourable	feedback	score	from	the	patients.	

The	 unit	 includes	 a	 patient	 profile	 matcher	 that	 matches	 returning	 patients’	

observations	with	similar	observations	available	 in	 the	PPF	as	explained	 in	3.5.1.	 It	

creates	a	temporary	adaptation	dataset	combining	these	observations	and	sends	it	to	

the	adaptation	unit.	The	two	sub-units	of	the	PPU	are	the	following:	

• Patient	classifier	

• Patient	skin-profile	matcher	
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3.6.2.5 Adaptation	unit	(AU)	
Adaptation	unit	 is	responsible	for	utilising	patients’	 feedback	and	producing	altered	

and	 improved	versions	of	 the	produced	 formulations	using	 the	 IFLLAI	 to	 achieve	 a	

better	feedback	score	for	returning	patients	iteratively.	The	formulations	produced	by	

this	unit	are	provided	to	the	returning	patients	in	an	independent	process	to	the	CFU.	

The	adaptation	datasets	created	by	the	PPU	are	temporarily	stored	in	AU’s	temporary	

storage	 for	 future	production-learning	cycles.	This	unit	has	the	three	 following	sub-

units:	

• Batch	customizer	model	(secondary	learner)	

• Temporary	adaptation	dataset	

• Adaptation	temporary	storage	

	

AFPSP	is	divided	into	two	main	modules;	production-ready	and	self-adaptation.	The	

CFU	and	EPU	are	the	main	units	in	the	production-ready	module	and	FPU,	PPF	and	AU	

are	the	main	units	in	the	self-adaptation	module	of	the	ASPSP.	The	production-ready	

module	is	responsible	for	producing	consistent	skin-care	formulations	based	on	a	main	

knowledge	 bank	 that	 grows	 with	 new	 observations	 over	 time.	 The	 self-adaptation	

module	is	responsible	for	further	adapting	the	formulations	originally	generated	by	the	

production-ready	module	to	the	patients’	requirements,	utilising	their	feedback.	

This	study	proposes	two	development	procedures	for	preparing	the	production-ready	

and	self-adaptation	module.	The	procedures	assume	that	there	is	an	initial	knowledge	

bank	 or	 training	 dataset	 based	 on	 expert	 knowledge,	 with	 a	 limited	 number	 of	

observations.	This	training	set	includes	skin-measurements	gathered	in	a	medical	trial	

as	 features	and	personalised	skin-care	 formulations	that	are	either	generated	by	an	

expert	or	expert	system	as	target	variables.	As	explained	in	chapter	1,	small	training	

data	is	a	likely	situation	as	biomedical	trials	set	to	gather	such	observations	are	often	

costly	and	time	consuming.	The	procedures	to	prepare,	train	and	develop	the	modules	

of	a	production	system	based	on	the	proposed	framework	are	explained	in	detail	in	the	

next	section.	
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3.6.3 Production	ready	module	development	

3.6.3.1 Data	pre-processing	
As	 explained	 earlier,	 human	 skin-biomarkers	 play	 a	 vital	 role	 in	 determining	 the	

correct	ingredients	for	skin-care	products.	These	biomarkers	are	often	extracted	from	

human’s	 skin	 either	 by	 invasive	 or	 non-invasive	 techniques	 and	 may	 require	

laboratory	analysis.	The	acquisition,	maintenance	and	analysis	of	these	biomarkers	is	

often	 very	 costly.	 Hence,	 biomedical	 datasets	 that	 include	 skin-biomarkers	 and	 are	

gathered	through	medical	trials	often	suffer	from	a	small	size.		

As	explained	in	2.19.4	dimensionality	reduction	is	one	of	the	important	pre-processing	

steps	prior	to	training	stage	in	supervised	learning.	However,	as	these	biomarkers	are	

often	initially	hand-picked	by	a	dermatologist	specifically	for	production	of	skin-care	

products	 (Rüther	et	 al.),	 there	are	 low	chances	of	 any	 redundant	or	 less	 significant	

variables	in	the	predictor	sets	of	such	datasets.	Hence	dimensionality	reduction	is	often	

not	 considered	 necessary	 for	 such	 small-scale	 and	 focused	 datasets.	 Although	 the	

automated	 procedures	 for	 dimensionality	 reduction	 should	 be	 in	 place	 during	 ETL	

process	 and	 before	 training	 as	 the	 data	 dimensionality	 can	 grow	 after	 introducing	

external	 features.	 Section	2.13.2	 shows	possibility	 of	 using	MLAs	 such	 as	 the	RF	 to	

detect	the	most	significant	variables	for	a	supervised	learning	task.	This	technique	can	

help	the	dermatologists	select	the	most	significant	skin-measurements	for	a	prototype	

during	a	trial	and	reduce	associated	costs	with	unnecessary	variables.		

Several	studies	state	that	the	number	of	observations	in	the	training	set	has	a	strong	

correlation	 with	 the	 learning	 rate,	 convergence,	 and	 knowledge	 acquisition	 of	 a	

statistical	or	machine	learning	algorithm	(Kotsiantis	et	al.,	2007;	V.	Vapnik,	2013;	V.	N.	

Vapnik,	1999).	The	work	by	Anderson	(Anderson	&	Gerbing,	1984)	discusses	the	issue	

of	non-convergence	due	to	small	number	of	samples,	which	a	small	biomedical	dataset	

can	also	be	prone	to	it.	Feature	extraction	and	enrichment	in	biomedical	data	(Guyon	

&	Elisseeff,	2003;	Xie	et	al.,	2012)	is	a	practiced	approach	that	aims	for	overcoming	the	

issues	with	bad	model	fit	or	non-convergence	of	an	MLA.	Feature	enrichment	ensures	

maximum	knowledge	acquisition	from	the	initial	dataset	by	using	the	full	capacity	of	

valuable	biomedical	datasets.		

To	 generate	 skin-care	 products,	 the	 dermatologists	 extract	 common	 symptoms	 or	

intermediate	features	from	a	patient’s	skin-measurements	(M.-L.	T.	Johnson	&	Roberts,	

1978;	Rüther	et	al.).	Such	intermediate	features	can	be	used	as	additional	predictors	to	

algorithm	 as	 they	 introduce	 enriched	 information	 about	 a	 patient’s	 skin-profile.	
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However,	 to	 generate	 such	 features	 in	 the	 first	 place	 an	 expert,	 in	 this	 case	

dermatologist	is	required.	To	evaluate	the	impact	of	such	feature	enrichment	by	these	

intermediate	features,	a	task	group	is	designed	in	chapter	5	of	this	study.	

	

3.6.3.2 Training	set	expansion	
As	mentioned	in	chapter	2,	a	standard	concept	in	machine	learning	produces	the	most	

fundamental	 obstacle,	 and	 certainly	 often	 has	 hindered	 the	 practical	 and	 research-

oriented	attempts	to	learn	from	small	datasets.	The	stumbling	block	is	the	concept	that	

a	machine	learning	algorithm	is	able	to	build	a	black	box	that	can	produce	the	desired	

skin-care	formulations	by	inductive	learning	from	the	previous	data.	In	this	research	

this	could	become	a	reality	if	the	ideal	dataset	included	every	possible	skin	profile	and	

its	corresponding	formulation	and	there	were	enough	observations	for	an	 inductive	

learner	to	learn	all	the	relations	between	the	predictors	and	target	variables.	However,	

this	is	almost	never	the	case	and	a	trained	model	can	get	into	trouble	when	it	faces	new	

unseen	skin	profiles.	Hence	this	study	ensures	that	the	model	constantly	learns	from	

unseen	data	and	associated	patient	feedback.	However,	the	precision	of	the	model	after	

the	initial	training	is	also	of	importance	and	the	learning	from	the	initial	dataset	should	

be	maximised.	

The	other	issue	is	the	fact	that	small	biomedical	datasets	are	prone	to	imbalance.	This	

becomes	an	issue	when	trying	to	divide	the	dataset	to	training	and	evaluation	sets	for	

model	validation.	Dataset	 imbalance	results	 in	a	black	box	model,	which	 is	prone	to	

generating	 skin-care	 formulations	 with	 similar	 characteristics	 associated	 with	 the	

formulations	generated	for	the	dominant	skin-profile.	This	can	invalidate	any	model	

evaluation	before	the	live	real-time	test.	

Dataset	 expansion	 can	 help	 with	 these	 two	 issues	 however,	 the	 expansion	 and	

upscaling	procedure	should	be	followed	carefully	as	it	should	not	introduce	bias	in	the	

dataset	and	the	expanded	dataset	should	be	representative	of	the	initial	dataset.	

To	 collect	 biomedical	 datasets,	 medical	 trials	 are	 often	 designed	 carefully	 to	 be	

representative	 of	 different	 groups	 of	 volunteers	 (observations).	 By	 upscaling	 the	

dataset	as	a	whole	without	considering	such	groups,	although	the	overall	covariance	

matrix	of	the	dataset	can	be	preserved,	the	number	of	observations	that	represent	each	

group	and	micro	covariances	in	these	groups	may	change.	This	could	lead	to	models	

that	 are	 too	 generalised	 and	 unaware	 of	 such	 distinct	 groups	 or	 even	 the	 loss	 of	

information	about	these	smaller	subsets.		
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The	study	by	Ganguli,	et	al.	(1998)	focuses	on	volunteer	selection	in	medical	trials.	It	

proves	the	significance	of	the	process	for	volunteer	selection	by	demonstrating	how	

the	 distribution	 of	 the	 volunteer	 profiles	 can	 introduce	 bias	 in	 a	medical	 trial	 and	

prevent	generalizability	of	the	outcomes	of	a	research	based	on	it.	Hence	it	is	important	

to	 preserve	 the	 original	 diversity	 introduced	 by	 the	 trial	 experts	while	 upscaling	 a	

biomedical	 dataset	 that	 is	 collected	 through	 a	 precisely	 designed	 trial,	 to	 prevent	

introducing	bias	or	 imbalance	 in	the	data.	This	can	also	help	preserving	micro	 level	

covariances	between	the	feature	sets	of	the	data	belonging	to	groups	of	the	diversified	

volunteers	and	to	ensure	that	the	models	built	on	an	extended	dataset	are	not	ignoring	

their	intercorrelations.	

Identifying	such	groups	is	the	most	significant	task	before	upscaling	the	dataset.	Most	

biomedical	datasets	include	information	about	the	subjects	involved	in	the	trials	such	

as	health	and	age	information	which	makes	grouping	the	observations	simple.	

It	has	been	suggested	that	information	about	the	trial	volunteers	such	as	health,	age,	

gender,	 skin	 colour	 and	 pigmentation	 are	 correlated	 to	 the	 skin	 health	 and	

characteristics	and	biomedical	measurements	of	human	body	(Hagenau	et	al.,	2009;	

Lundberg,	Johannesson,	Silverdahl,	Hermansson,	&	Lindberg,	2000;	Schnider	&	Kohn,	

1982).	 Such	 information	 can	 be	 good	 indicators	 of	 the	 groups	 of	 the	 diversified	

volunteers	in	medical	trials.		

This	study	recommends	a	technique	to	preserve	the	volunteer	groups	and	to	resolve	

any	possible	imbalance	in	these	groups	while	upscaling	the	number	of	observations	in	

the	dataset.	However,	the	proposed	upscaling	technique	only	applies	to	the	predictors	

of	 these	 observations.	 To	 generate	 the	 target	 variables	 i.e.	 ingredients	 of	 the	

personalised	 skin-care,	 for	 the	 upscaled	 predictor	 set,	 having	 access	 to	 the	 expert	

knowledge	for	generation	of	the	skin-care	formulation	is	essential.	Having	access	to	an	

expert	or	expert	system	throughout	the	initial	stage	of	the	training	can	resolve	the	issue	

with	 producing	 target	 variables,	 i.e.	 initial	 skin-care	 formulations	 for	 the	 expanded	

predictor	set.	

The	proposed	technique	for	dataset	expansion	in	this	thesis	is	a	combination	of	data	

resampling,	rebalancing	and	upscaling.	It	creates	micro	clusters	the	observations	in	the	

original	 dataset	 by	 classifying	 the	 volunteers	 based	 on	 all	 available	 diversified	

information.	Each	cluster	is	then	expanded	independently	by	preserving	the	cluster’s	

covariance	matrix	 into	 simulated	 clusters	 of	 the	 same	 size.	 The	 combination	 of	 the	
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simulated	clusters	results	in	a	large	dataset	or	simulated	predictors.	The	overview	of	

the	proposed	technique	can	be	seen	in	Figure	3.2.	

	

	
Figure	 3.2.	 The	 proposed	 up-sampling	 and	 rebalancing	 technique	 using	 clusters	 of	 the	 initial	 predictors	 (skin-
measurements).	

Suppose	 having	 the	 cluster	 matrix	 𝑂,	 	 𝑂𝜖ℝÓ×§of	 d	 observations	 with	 skin	

measurements	as	attributes	for	each	observation	with	covariance	matrix	Σ = cov(x)	

and	 mean	 vector	 of	 𝜇	𝜖ℝÓ.	 A	 multivariate	 normal	 sample	 of	 this	 matrix	 can	 be	

generated	by	𝑋 = 	𝜇 + 𝑆𝑅	 	 (Ripley,	1987)	where	𝑅 = (𝑅{, … , 𝑅§)	 is	 a	n-dimensional	

random	independent	vector	with	standard	normal	random	variables	and	S	as	a	matrix	

𝑆𝜖ℝÓ×§	where	S	can	be	calculated	by	solving	Σ = 𝑆𝑆�.	

X	has	the	following	density	function:	

𝒩(𝑥|𝜇, Σ) ≜
1

(2𝜋)
Ó
~|Σ|

{
~
exp >−

1
2
(𝑥 − 𝜇)�Σ�{(𝑥 − 𝜇)? 	 , 𝑥	 ∈ ℝÓ	 Equation	3.1	

By	repeating	the	above	normal	generation	for	every	cluster	of	the	dataset	for	n	times	a	

simulated	 cluster	 with	 n	 observations	 is	 generated.	 By	 combining	 these	 simulated	

clusters,	a	simulated	dataset	with	normally	distributed	artificial	predictors	is	achieved.	

Finally,	 the	 target	 variables	 (skin-care	 formulations)	 for	 this	 simulated	 dataset	 are	

generated	by	an	expert	or	expert	system.	The	algorithm	for	the	predictor	simulation	

and	upscaling	is	provided	in	Table	3.3.	
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Table	3.3.	Artificial	dataset	simulation	algorithm	

Input	Measurements	data	set	M,	an	instance		t ∈ M,	an	attribute	aÝ	,	dimension	d,	number	of	attributes	

equal	to	a	
Output	Simulated	data	set	A	with	artificial	measurements	and	corresponding	formulations	

Initialise	Skin	care	formulation	generator	G(x), i = 0,	A	=	Empty	Matrix	with	number	of	attributions	

equal	to	the	number	of	ingredients	(output	for	G(x))	
𝐝𝐨	𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑦	𝑜𝑟	𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒	𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠		𝐶{:	𝐶Ì	𝑓𝑜𝑟	𝑀	

𝑓𝑜𝑟	𝑖 <	= 	𝑘	do	

	 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒	𝜇	, Σ	𝑓𝑜𝑟	𝐶�	

	 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒	𝑆	𝑓𝑟𝑜𝑚	𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛	Σ = SS�	(𝑢𝑠𝑖𝑛𝑔	𝐸𝑖𝑔𝑒𝑛	𝑜𝑟	𝐶ℎ𝑜𝑙𝑒𝑠𝑘𝑖)	

	 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒	𝑟𝑎𝑛𝑑𝑜𝑚	𝑣𝑒𝑐𝑡𝑜𝑟	𝑏𝑒𝑡𝑤𝑒𝑒𝑛	(0,1) ∶ 	𝑅	 = (𝑅{,… , 𝑅Î)	

	 𝐶� = 	𝜇 + 𝑆𝑅	

	 𝐹� = 𝐺(𝐶�)	

	 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒	𝐴� = 	𝑗𝑜𝑖𝑛	(𝐶�, 𝐹�)	𝑜𝑛	𝑎𝑥𝑖𝑠	1	

																	𝑖 = 	𝑖 + 1	

𝐝𝐨	𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒	𝐴 = 	𝑗𝑜𝑖𝑛	(𝐴{: 𝐴�)	𝑜𝑛	𝑎𝑥𝑖𝑠	0	

Return	A	

	

In	 an	 unlikely	 situation	 when	 there	 is	 an	 absence	 of	 information	 about	 volunteer	

profiles,	 automatic	 observations	 clustering	 is	 suggested	 to	 preserve	 the	 initial	

structure	of	 the	dataset	as	much	as	possible	prior	 to	upscaling	 the	training	set.	The	

study	 by	 Chen	 performs	 multi-dimensional	 clustering	 to	 identify	 groups	 of	 micro-

covariances	 in	 the	 dataset	 (T.	 Chen,	 Zhang,	 Liu,	 Poon,	 &	Wang,	 2012;	 Xiaohui	 Li	 &	

Murata,	 2012;	 Murtagh,	 1985).	 This	 method	 can	 be	 used	 to	 identify	 clusters	 with	

similar	statistical	properties	and	preserve	the	cluster	covariances	before	upscaling.		

	

3.6.3.3 Machine	learning	algorithm	selection	
Machine	learning	algorithm	selection	is	an	essential	stage	prior	to	the	production	of	

the	dermatological	formulations.	This	process	needs	to	be	repeated	for	a	new	training	

dataset	 or	 when	 new	 features	 are	 being	 added	 to	 an	 existing	 training	 set	 as	 the	

complexity	of	 the	 training	sets	have	a	direct	 impact	on	 the	 inference	of	a	particular	

algorithm.	Additionally,	there	is	no	superior	MLA	a	specific	task	and	data	distribution	

and	complexity	can	determine	the	most	appropriate	and	performant	type	of	MLA	for	a	

supervised	 learning	 task.	The	“no	 free	 lunch	(NFL)”	 theorem	(Wolpert	&	Macready,	

1995)	 of	 the	 Wolpert	 and	 Macready’s	 explicitly	 indicates	 that	 “if	 algorithm	 alpha	

outperforms	algorithm	beta	on	a	few	cost	functions,	there	must	also	exist	almost	the	
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same	number	of	other	functions	in	which	beta	outperforms	alpha”.	Thus,	the	algorithm	

comparison	 is	 essential	 to	maximise	 the	 initial	 accuracy	 of	 the	 produced	 skin-care	

products.	

In	algorithm	selection,	the	aim	is	to	obtain	the	right	balance	between	approximation	

and	estimation	errors.	When	the	model	fails	to	detect	the	link	between	predictors	and	

targets,	 it	 is	critical	 to	know	whether	 it	 is	suffering	 from	overfitting	or	underfitting.	

From	the	model	evaluation	techniques	mentioned	in	chapter	2,	the	validation	concept	

is	 the	most	 suitable	 for	model	 selection.	Validation	 is	 a	 simple	and	effective	way	of	

identifying	 a	 suitable	 machine	 learning	 algorithm	 for	 a	 task	 and	 at	 the	 same	 time	

comparing	 it	 in	 a	 measurable	 way,	 such	 as	 accuracy	 of	 the	 model,	 with	 other	

algorithms.	A	selection	 from	previously	proven	algorithms	at	a	similar	 task	or	even	

sampling	algorithms	from	well-known	MLA	families	are	feasible	approaches	to	create	

initial	list	of	MLA	candidates.		

For	instance,	by	observing	the	training	and	validation	loss	over	training	epochs	for	an	

ANN	in	isolation	in	Figure	3.3,	it	can	be	realised	that	the	training	and	validation	errors	

are	constantly	being	reduced	over	training	epochs.	Hence	the	model	is	not	suffering	

from	 overfitting.	 Also,	 the	 convergence	 of	 the	 loss	 indicates	 that	 this	 model	 is	 not	

underfitting.	 However,	 the	 only	 way	 to	 ensure	 that	 this	 typical	 algorithm	 and	

architecture	are	the	most	accurate	and	optimal	for	this	task,	is	to	compare	the	model’s	

fit	with	different	MLAs	fit	for	the	same	task.		

	
Figure	3.3.	Sample	training	and	validation	error	variation	during	training	of	a	deep	artificial	neural	network	

AFPSP	incorporates	K-fold	cross	validation	as	explained	in	chapter	2	for	creating	the	

validation	and	training	sets	during	the	model	selection	and	for	comparison	of	the	MLAs.	

K-fold	cross	validation	method	minimizes	data	waste	on	validation	set	and	is	optimal	

for	smaller	datasets.	
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The	 model	 selection	 process	 should	 also	 be	 performed	 for	 selecting	 the	 batch	

customiser	algorithm,	unless	the	CFU	and	AU	algorithms	are	required	to	be	identical.	

This	could	be	due	to	using	alternative	external	predictors	such	as	multi-dimensional	

(image)	 or	 sequence	 data	 that	 require	 incorporation	 of	more	 advanced	 algorithms	

such	as	CNNs	and	RNNs.	

	

3.6.3.4 Core	model	initialisation,	training	and	refinement	
	As	mentioned	in	chapter	2,	a	training	dataset	enables	an	MLA	to	create	or	identify	a	

link	between	the	predefined	set	of	predictors	and	their	target	variables.	The	algorithm	

training	process	in	AFPSP	requires	a	training	set	with	skin	profile	attributes	such	as	

skin-measurement	as	predictors	and	skin-care	ingredients	as	target	variables.	The	size	

of	this	training	set	is	dependent	on	the	initial	dataset	size	and	the	performance	of	the	

built	model	 is	 dependent	 on	 the	 type	 of	 the	MLA	 being	 trained	 and	 the	 acceptable	

threshold	for	the	accuracy	or	error.	

Generally,	artificial	neural	networks	can	benefit	from	and	sometimes	require	a	higher	

number	of	samples	in	the	training	set	compared	to	other	conventional	MLAs,	to	achieve	

the	optimal	convergence.	The	reason	 is	 that	neural	networks	are	usually	 trained	by	

using	 iterative	 and	 gradient-based	 optimizers	 which	 gradually	 optimise	 their	 cost	

function	to	an	optima	point.	Gradient	based	optimisers	converge	slower	than	 linear	

equation	solvers	(G.	Golub,	1965;	Green	&	Silverman,	1993)	or	convex	optimization	

algorithms	(Boyd	&	Vandenberghe,	2004;	Candès	&	Recht,	2009)	which	can	be	found	

in	 logistic	 regression	or	 support	 vector	machines.	The	gradient	based	 cost	 function	

optimisation	for	an	ANN	is	illustrated	in	Figure	3.4	(Ball,	2016). 

	
Figure	3.4.	Iterative	gradient	cost	function	optimiser	for	an	artificial	neural	network.	The	algorithm	tries	to	find	the	
optima	over	several	epochs. 
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Production-ready	module	of	the	AFPSP	trains	the	initial	core	model	on	a	training	set	

from	the	expanded	dataset	explained	in	the	previous	section	which	is	stored	at	the	PPF	

database.	The	chosen	MLA	for	the	core	model	determines	the	complexity	of	the	training	

stage.	A	conventional	MLA,	such	as	RF	or	SVM,	doesn’t	require	architecture	design	as	

the	architecture	is	pre-defined	for	each	conventional	MLA.	Such	models	require	hyper-

parameter	optimisation	by	methods	such	as	random	search	or	grid	search	as	explained	

in	2.17.		

Unlike	the	conventional	MLAs,	artificial	neural	networks	require	network	architecture	

design	before	training	and	optimising	their	hyperparameters.		

ANN	layers	are	independent	of	each	other.	Thus,	any	particular	layer	can	include	an	

arbitrary	 number	 of	 artificial	 nodes.	 Although	 ANNs	 are	 come	 in	 different	

architectures,	well	known	references	(Bengio,	2009;	Goodfellow	et	al.,	2016;	Heaton,	

2015)	consider	an	optimal	number	of	nodes	in	the	hidden	layer	of	a	feed	forward	ANN	

as	a	number	between	the	number	of	nodes	in	the	layer	before	and	after.	Having	a	feed-

forward	network	with	only	one	hidden	layer,	the	number	of	nodes	in	the	hidden	layer	

will	be	in	range	between	the	number	of	nodes	in	the	input	layer	and	the	output	layer.	

An	ANN	aiming	to	approximate	a	single	function	has	one	input	and	one	output	node.	

However,	in	an	ANN	for	regression	or	classification	tasks,	the	input	and	output	nodes	

will	be	equal	to	the	number	of	predictors	(features)	and	target	variables.	This	means	

that	 the	 ANN	 architecture	 has	 the	 same	 number	 of	 input	 layer	 nodes	 as	 the	 total	

number	of	skin	profile	variables	and	the	number	of	output	layer	nodes	will	be	the	same	

as	the	number	of	the	skin-care	ingredients.	

Depending	 on	 the	 number	 of	 predictors	 and	 ingredients	 of	 a	 skin-care	 production	

system,	 the	 architecture	 of	 the	 feed	 forward	 ANN	 can	 follow	 one	 of	 the	 MLP	

architectures	illustrated	in	Figure	2.6,	Figure	2.7	or	Figure	2.8,	assuming	two	hidden	

layers	are	required	for	the	desired	skin	care	formulation	production	system.	

The	number	of	hidden	layers	directly	correlates	with	the	complexity	of	the	functions	

that	the	ANN	is	aiming	to	approximate	(Ganguli	et	al.,	1998).	If	the	network	has	more	

than	one	hidden	layer	the	ANN	architecture	is	considered	to	be	a	deep	learning	model.	

The	number	of	nodes	 in	 the	hidden	 layers	and	 the	number	of	hidden	 layers	 can	be	

selected	by	either	grid	search	or	random	search.		

The	activation	function	selected	for	the	nodes	of	the	ANN,	determines	whether	or	not	

the	 designed	 architecture	 would	 be	 able	 to	 approximate	 a	 non-linear	 function	

(Cybenko,	 1989).	 As	 explained	 in	 2.14,	 a	 non-linear	 activation	 function	 such	 as	 a	
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sigmoid	function	at	the	output	nodes	will	ensure	that	the	model	is	able	to	learn	non-

linear	 relations	 between	 the	 predictors	 and	 targets	 as	 well	 as	 the	 linear	 relations	

between	them.		

Hence	 the	 performance	 of	 the	 core	 ML	 model	 is	 dependent	 on	 three	 criteria,	 the	

selected	MLA,	its	architecture	and	learning	parameters	and	the	quality	of	its	training	

set.	This	study	considers	MLP,	a	network	with	linear	activation	function	at	all	nodes	

and	sigmoid	activation	function	at	the	output	nodes	(Gardner	&	Dorling,	1998),	as	a	

strong	candidate	for	generating	the	core	model	of	the	CFU.	The	reason	for	this	choice	

is	 that	 MLP	 can	 be	 simply	 integrated	 with	 the	 EPU	 and	 AU	 units	 of	 the	 proposed	

framework.	Also,	as	explained	in	chapter	2,	the	stochastic	gradient	descent	optimiser	

used	 in	 MLP	 natively	 supports	 incremental	 learning,	 which	 is	 essential	 for	 model	

inference	improvement	without	complete	retraining.	

In	addition	 to	better	 integration	with	 the	proposed	 framework,	MLP	provides	more	

flexible	hyperparameter	 tuning	compared	 to	conventional	MLAs.	Another	benefit	of	

using	an	MLP,	is	possibility	of	using	dropout	layers	in	the	architecture	to	significantly	

reduce	the	possibility	of	overfitting.		

Although	choosing	MLP	and	specially	a	deep	MLP	will	slow	the	initial	learning	speed	of	

the	 models	 built,	 it	 will	 speed	 up	 the	 process	 of	 model	 refinement	 as	 it	 enables	

incremental	learning	by	saving	the	trained	model’s	weights	as	a	starting	point	for	the	

future	learning	stages.		

However,	ANN	can	be	outperformed	at	algorithm	benchmarking	on	a	particular	initial	

training	set,	mainly	due	to	lack	of	adequate	data.	In	such	situation	ensemble	learning	

methods	should	be	considered	as	great	candidates	for	the	core	ML	model.	Ensemble	

MLA’s	 such	 as	 random	 forests	 and	 specially	 ORF	 are	 also	 capable	 of	 incremental	

learning.	Incremental	learning	in	Online	RF	was	explained	in	2.15.	Rules	derived	by	one	

of	the	decision	trees	in	an	RF	model	are	illustrated	in	Figure	3.5	for	a	MIMO	regression	

task.	
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Figure	3.5.	Sets	of	rules	determined	by	a	decision	tree	regressor	on	a	two-predictor,	two-target	regression	task.	The	
combination	of	these	rules	is	a	model	for	this	particular	regression	task. 

	
3.6.3.5 External	data	processing	
One	of	the	main	advantages	of	the	AFPSP	is	being	able	to	use	external	data	as	inputs	to	

the	system	to	further	customise	the	skin-care	products.		

Weather,	 seasonal	 effects	 or	 any	 other	 health	 related	 variables	 that	 are	 not	

incorporated	as	main	predictors	into	the	model	by	an	expert	can	potentially	have	an	

impact	on	the	skin	conditions	or	a	patient’s	preferences.	Incorporating	these	variables	

can	improve	the	product’s	fit	to	the	patient’s	needs	and	preferences.	These	data	types	

as	well	as	any	other	external	data	can	be	introduced	in	the	AFPSP	as	external	predictors	

to	 the	CFU.	The	EPU	unit	 is	 responsible	 for	 receiving,	 cleaning	and	normalising	 the	

external	 data.	 The	 EPU	 also	 has	 the	 responsibility	 of	 separating	 the	 time	 variant	

external	data	from	the	time	invariant	external	data	sources.	The	time	invariant	data	

can	be	added	as	external	predictors	or	features	in	the	database	and	be	fed	to	the	model	

similar	 to	 the	measurements	data.	On	 the	other	hand,	 the	 sequence	 in	 time	variant	

external	 data	 is	 a	 significant	 feature.	 To	 process	 such	 data	 model	 that	 is	 able	 to	

recognise	sequence	is	required.	A	recurrent	neural	network-based	algorithm	such	as	

LSTMs	 can	 handle	 this	 type	 of	 data,	 however	 RNNs	 are	memory	 intensive	 and	 not	

optimal	 for	 time	 invariant	 predictor	 modelling	 and	 cannot	 replace	 the	 previously	

proposed	feed	forward	ANNs	for	the	CFU.	

In	order	to	incorporate	a	time	variant	data	source	as	an	input	to	the	CFU	the	two	types	

of	inputs	have	to	be	processed	separately.	An	MLP	based	core	ML	model	is	capable	of	
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combining	 sequence-based	 data	 types	 unlike	 a	 conventional	 MLA.	 This	 can	 be	

performed	by	concatenation	of	the	processed	sequences	at	an	extra	layer	before	the	

model’s	output	layer.	Figure	3.6	illustrates	combining	the	time	variant	external	data	

with	 time	 invariant	 skin-measurement	data	by	 tensor	 concatenation	 in	a	deep	MLP	

architecture	 for	an	8-target	regression	task.	This	example	architecture	 in	Figure	3.6	

accepts	a	time	invariant	input	of	19	skin	measurements	and	time	series	with	100	steps	

per	sequence.		

It	 is	important	to	note	that	incorporating	time	variant	external	data	as	illustrated	in	

Figure	 3.6	 is	 only	 possible	 if	 both	 core	 formulation	 production	 model	 and	 batch	

customiser	models	can	digest	such	data	in	the	same	format.	For	instance,	using	ANNs	

for	both	models	makes	using	additional	LSTM	layers	for	time	variant	data	digestion	

feasible,	however	if	one	of	the	models	is	a	conventional	MLA,	the	external	data	should	

be	structured	in	an	appropriate	way	to	be	used	by	both	models.	

	

	
Figure	3.6.	Time-variant	external	data	extracted	by	the	EPU	and	incorporated	in	the	ANN	based	core	model	of	the	
proposed	CFU.		

Although	this	study	mainly	focuses	on	time-invariant	predictors,	AFPSP	is	capable	of	

incorporating	time	variant	and	even	high	dimensional	data	inputs	such	as	time	series	

and	images	similar	to	the	example	above.	
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3.6.3.6 Development	summary	
The	flow	chart	for	the	development	of	the	production-ready	module	of	the	AFPSP	is	

illustrated	in	Figure	3.7.	The	outcome	of	this	process	is	an	initially	trained	core	model	

that	 is	able	 to	produce	personalised	skin-care	by	 inferring	 from	an	expert	provided	

initial	dataset.	

	

	
Figure	3.7.	Flow	chart	of	the	production-ready	module	of	the	AFPSP	in	isolation.	This	procedure	results	in	a	trained	
model	that	is	ready	to	produce	skin-care	formulations.	The	initial	training	is	performed	by	using	an	existing	expert	
knowledge-based	dataset	or	an	expert	system	for	personalised	skin-care	as	training	set	for	the	algorithm.	
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3.6.4 Self-adaptation	module	development	
The	main	purpose	of	the	self-adaptation	module	is	to	create	even	more	personalised	

and	 yet	 very	 effective	 skin-care	 products	 for	 the	 patients.	 The	 initial	 dermatologist	

knowledge	behind	generating	skin-care	formulations	i.e.	the	link	between	the	skin-care	

products	and	the	patients’	skin	profile	was	established	in	form	of	the	core	model	in	the	

CFU.	However,	the	generated	formulations	by	the	core	model	can	still	be	improved	or	

require	 alteration	 from	 the	 patient,	 this	 is	 referred	 to	 as	 extensive	 customisation.	

Under	 AFPSP,	 the	 secondary	 alteration	 or	 enhancement	 of	 the	 product	 can	 be	

performed	 if	 the	 patients	 provide	 feedback	 after	 using	 the	 products.	 The	 self-

adaptation	module	is	responsible	for	utilising	the	patient	feedback	and	improving	on	

the	 products	 that	 are	 being	 produced	 regularly	 for	 returning	 patients.	 Hence,	 this	

module	 requires	 that	 the	 products	 are	 produced	 and	 provided	 to	 the	 patients	

recurrently.	

The	self-adaptation	module	builds	specific	ML	models	only	on	the	samples	that	require	

improvement	i.e.	on	a	small	number	of	observations	and	fairly	convex	loss	functions	to	

achieve	the	patient’s	desired	formulation	and	receive	a	more	favourable	feedback.	This	

desire	may	not	be	completely	aligned	with	the	initial	expert	knowledge	base	that	the	

core	model’s	 hypothesis	 is	 inferred	 from,	 as	 the	 initial	 expert	 knowledge	 used	 for	

training	 the	 core	 model	 is	 not	 inclusive	 of	 all	 possible	 combinations	 of	 skin-care	

products	and	skin-profiles.		

Self-adaptation	 module	 can	 also	 help	 producing	 reliable	 formulations	 for	 initially	

unseen	skin	conditions	or	skin	profiles.	In	such	cases	the	model	learns	the	new	rules	

for	unseen	data	by	using	the	patient’s	feedback	automatically.	In	absence	of	the	self-

adaptation	module	the	system	has	to	produce	products	for	unseen	skin-profiles	(often	

with	low	accuracy)	based	on	its	conventional	rules.		

The	adaptation	unit	creates	smaller	models	on	adaptation	datasets	following	IFLLAI,	

to	 quickly	 adapt	 to	 the	 changes	 that	 certain	 patients	 require	 in	 the	 generated	

formulations.	When	the	adaptation	process	results	in	better	feedback	scores	that	meet	

the	 predefined	 customer	 satisfaction	 criteria,	 the	 PPU	 adds	 the	 adaptation	

observations	to	the	PPF	and	the	core	model	is	incrementally	updated.	

	

3.6.4.1 Patient	classification	and	feedback	processing	

AFPSP	assumes	that	the	patients	that	are	not	entering	the	adaptation	process,	submit	

measurements	to	and	receive	the	personalised	skin-care	products	from	the	core	ML	
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model	in	the	CFU.	The	feedback	from	the	patients	is	initially	received	by	the	FPU.	The	

FPU’s	 responsibility	 is	 to	 convert	 the	patient’s	 feedback	 i.e.	 satisfaction	 level,	 into	a	

machine	understandable	scalar	score	associated	with	the	produced	formulations.	FPU	

adds	this	score	as	an	additional	predictor	to	the	original	predictors	of	an	observation	

creating	 a	 combination	 of	 skin-measurements,	 feedback	 score	 and	 skin-care	

formulations	per	observation.	

The	patients	are	then	classified	to	two	groups	by	the	PPU.	Patients	with	good	product	

score	and	patients	with	weak	score.	A	threshold	can	be	defined	to	separate	the	two	

groups	from	each	other	a	priori.	The	second	group’s	data	is	passed	to	the	skin	profile	

matcher	in	the	PCU.	This	data	is	referred	to	as	the	adaptation	batch.	The	patients	with	

good	 product	 scores	 will	 continue	 to	 receive	 products	 from	 the	 CFU	 having	 their	

observations	stored	in	the	PPF	for	incremental	training	of	the	core	ML	model.	A	sample	

adaptation	batch	is	illustrated	in	Figure	3.8.		

	

	
Figure	3.8.	A	batch	of	scored	profiles	and	formulations	(adaptation	batch)	for	n	patients.	This	batch	is	used	by	the	
AU	for	adapting	the	formulations	to	patients’	requirements	and	preferences.	

A	patient	product	satisfaction	feedback	can	be	collected	from	any	questionnaire	with	

limited	options	and	converted	to	a	scalar	score	within	a	certain	range.	Additionally,	the	

feedback	 can	 be	 a	 precise	 number	 calculated	 by	 the	 comparing	 the	 values	 of	 the	

produced	ingredients	and	the	expected	ingredients.	However,	such	accuracy	and	the	

knowledge	of	the	expected	ingredients	can	only	be	obtained	from	an	expert.	Hence	the	

system	is	capable	of	receiving	two	types	of	feedback	either	expert	feedback	or	patient’s	

feedback.	 The	 expert	 feedback	 can	 be	 beneficial	 at	 the	 initial	 stages	 of	 the	 system	

training	 to	 further	 improve	 on	 the	 products’	 accuracy.	 However,	 the	 two	 types	 of	

feedbacks	cannot	be	mixed	and	stored	at	the	same	database	as	they	are	of	different	

natures,	values	and	meanings.	
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3.6.4.2 Skin-profile	matching	and	temporary	adaptation	datasets	
The	PPU	and	FPU	are	responsible	for	creating	the	adaptation	batches	for	the	products	

that	require	further	improvement.	As	explained	in	3.5,	the	adaptation	batches	consist	

of	a	small	number	of	observations	and	models	built	on	them	following	IFLLA	are	likely	

to	overfit,	resulting	in	very	slow	adaptation.	To	resolve	this	issue	and	to	develop	a	more	

stable	customizer	model	for	each	batch,	IFLLAI	proposed	a	larger	temporary	dataset	is	

created	 including	 the	 adaptation	 batch	 and	 observations	 similar	 to	 the	 adaptation	

batch.	The	instance	transfer	from	the	PPF	ensures	that	the	batch	customizer	models	

still	 comply	 with	 the	 core	 model’s	 initial	 inference	 and	 can	 further	 customise	 this	

smaller	segment	of	observations	utilising	feedback.	The	knowledge	transfer	speeds	up	

the	batch	customizer	model’s	inference	when	finding	a	link	between	the	formulations	

and	feedback	scores	on	an	adaptation	dataset.	

The	skin-profile	matcher	identifies	the	most	similar	profiles	in	the	PPF	database	and	

combines	 them	with	 the	 adaptation	 batch	 to	 build	 a	 larger	 adaptation	 dataset.	 To	

identify	the	most	similar	observations	from	the	PPF	database,	the	mean	squared	error	

between	the	observations	is	considered	as	an	inverse	of	similarity.	To	find	the	similar	

observations,	the	skin-measurements	of	an	observation	from	the	adaptation	batch	are	

compared	to	the	skin-measurements	of	all	observations	in	the	PPF	database.	Then	the	

MSE	of	the	observations	is	calculated	for	each	pair.	

Having	𝑋 = {𝑥{, …	, 𝑥�}	 	and	𝑋, = {𝑥{, , …	 , 𝑥�,}		as	predictor	vectors	 for	 the	adaptation	

batch	and	the	PPF	database,	the	MSE	between	the	two	vectors	can	be	calculated	using	

the	formulation	below:	

𝑀𝑆𝐸(𝑋, 𝑋,) =
1
𝑛·(𝑥� − 𝑥�,)~

§

�É{

	 Equation	3.2	

	

The	similarity	can	therefore	be	calculated	as:	

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑋, 𝑋,) =
1

𝑀𝑆𝐸(𝑋, 𝑋,)	
Equation	3.3	

	

The	T	most	similar	observations	to	the	adaptation	batch	are	then	extracted	from	the	

PPF	 database	 and	 combined	 with	 their	 corresponding	 observations	 from	 the	

adaptation	batch	to	create	the	adaptation	dataset.	T	should	be	set	to	a	small	number	

compared	to	the	size	of	the	adaptation	dataset	to	reduce	the	possibility	of	redundant	
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and	 less	similar	data	 in	 the	adaptation	dataset.	This	 is	 to	ensure	 that	only	essential	

knowledge	transfer	learning	between	the	two	algorithms	is	performed.	

	

3.6.4.3 Training	a	batch	customizer	model	for	adaptation	
Unlike	the	core	ML	model,	the	batch	customizer	model	is	temporary	and	is	discarded	

after	 increasing	 the	 product	 satisfaction	 per	 batch	 and	 transferring	 the	 accurately	

generated	 skin-care	 formulations	 to	 PPF.	 	 The	 product	 satisfaction	 is	measured	 by	

comparing	the	feedback	score	of	a	product	or	batch	of	products	with	a	high	predefined	

satisfaction	threshold.	

The	adaptation	dataset	includes	a	fraction	of	the	number	of	observations	in	the	PPF,	

therefore	the	learning	rate	of	the	algorithm	selected	for	the	batch	customiser	on	this	

small	 dataset	 is	 of	 importance.	 Hence	 using	 ensemble	 rule	 based	 or	 tree-based	

methods	 for	 building	 batch	 customiser	 models	 through	 IFLLAI	 is	 suggested.	 Such	

algorithms	 are	 able	 to	 associate	 the	 feedback	 score	 and	 the	 skin	 profiles	 to	 their	

corresponding	formulations	even	from	a	small	number	of	observations	accurately.		

Batch	customizer	is	trained	over	the	adaptation	dataset	using	the	skin	profile	and	the	

score	 of	 the	 formulations	 as	 predictors	 and	 the	 ingredients	 of	 the	 formulations	 as	

target	variables.	The	aim	is	to	associates	rules	between	each	formulation	score	and	its	

corresponding	skin-care	formulations.	The	complete	learning	procedure	is	explained	

in	3.5.	The	batch	customizer	model’s	training	set	structure	is	illustrated	in	Figure	3.9.	

	

	
Figure	3.9.	Batch	customizer	model	creating	a	link	between	the	score,	skin	profiles	and	the	skin-care	ingredients.	

	

After	the	training	stage,	to	generate	an	enhanced	formulation,	the	patients’	skin	profile	

and	the	desired	score	𝐹�Î¡	are	entered	as	inputs	to	the	pre-trained	batch	customizer	

model	 as	 explained	 earlier.	 In	 this	 approach	 the	 system	 is	 requesting	 the	 batch	

customizer	 model	 to	 use	 the	 acquired	 knowledge	 and	 generate	 an	 enhanced	

formulation	that	is	associated	with	the	desired	score.		
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The	first	iteration	of	enhanced	formulation	generation	after	the	training	of	the	batch	

customizer,	is	likely	to	be	similar	to	formulations	generated	by	the	core	model	due	to	

overfitting	to	the	adaptation	dataset.	In	this	iteration	the	relation	between	the	scores	

and	the	formulations	is	still	unknown	to	the	model	due	to	lack	of	adequate	examples.	

However,	if	the	patients	send	the	second	iteration	of	feedback	for	the	new	products	the	

model	infers	the	relation	between	the	two	score	numbers	and	the	formulations.		

By	 continuing	 the	 IFLLAI,	 the	 produced	 formulations	 gradually	 result	 in	 better	

feedbacks,	 in	 another	 words,	 satisfactory	 formulations	 for	 the	 patients.	 Product	

satisfaction	in	this	regard	can	be	either	the	effectiveness	of	the	product	on	a	certain	

condition	or	the	texture,	fragrance	or	concentration	of	the	product.	

An	 example	 adaptation	 of	 the	 batch	 customizer	 model	 over	 several	 iterations	 of	

production-learning	 can	 be	 seen	 in	 Figure	 3.10.	 In	 this	 figure	 the	 last	 observation	

belongs	to	the	patient	with	a	score	of	0.5.	 In	this	example	the	best	score	possible	 is	

considered	 to	 be	 0	 i.e.	 score	 is	 considered	 to	 be	 equal	 to	 the	 error	 between	 the	

produced	and	correct	formulations.	The	model	is	retrained	after	receiving	feedback	at	

each	 iteration	 and	 is	 able	 to	 gradually	 reduce	 the	 score	 to	 reach	 the	 desired	

formulations.	
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Figure	3.10.	Example	batch	customizer	inferring	the	relation	between	the	score	and	the	skin-care	formulations.	The	
score	(error)	is	being	reduced	after	two	production-learning	cycles.	

3.6.4.4 Core	model	update	(conditional)	
After	reaching	the	satisfactory	score	threshold	for	the	adaptation	batch	and	after	a	few	

production	learning	cycles,	the	observations	that	achieve	a	score	over	the	satisfaction	

threshold	 are	 added	 to	 the	 core	 database.	 Finally,	 the	 batch	 customizer	model	 and	

corresponding	adaptation	datasets	are	discarded.	The	core	model	is	then	updated	to	

learn	the	new	knowledge	acquired	from	the	observations	with	improved	formulations	

through	incremental	learning.	

	

3.6.4.5 Development	summary	
The	 flow	 chart	 for	 the	 development	 of	 the	 self-adaptation	module	 of	 the	 AFPSP	 is	

illustrated	 in	 Figure	 3.11.	 The	 outcome	 of	 this	 process	 is	 constantly	 improving	

formulations	 for	 the	 patients.	 Another	 outcome	 is	 updating	 the	 core	 ML	 model	
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knowledge	 after	 finding	 the	 optimal	 skin-care	 formulations	 for	 a	 patient	with	 high	

precision	and	patient	satisfaction	score.	

	

	
Figure	3.11.	Flow	chart	of	the	self-adaptation	module	of	the	AFPSP	in	isolation.	This	procedure	results	in	a	trained	
secondary	learner	that	is	ready	to	iteratively	produce	skin-care	formulations	in	accordance	with	patients’	feedback.		
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3.6.5 Framework	structure	and	interconnections	
Figure	3.12	illustrates	the	complete	structure	of	the	AFPSP.	The	architecture,	proposed	

units	and	procedures	of	the	framework	are	included	in	this	diagram.	The	CFU	and	AU	

are	the	main	skin-care	production	units	in	this	framework.		

The	 dotted	 line	 separates	 the	 initialisation	 process	 of	 the	 framework	 that	 requires	

expert	supervision,	from	the	main	modules	of	the	framework	that	automatically	refine	

themselves	utilising	patient	feedback	and	without	further	need	for	supervision.	

	
Figure	3.12.	Proposed	AFPSP	structure.	The	architecture,	proposed	units	and	procedures	of	 the	 framework	are	
illustrated	in	this	diagram.	
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The	batch	customiser	model	uses	IFLLAI	to	find	a	link	between	the	patient	feedback	

and	 produced	 formulations	 for	 an	 adaptation	 batch	 as	 new	 feedback	 becomes	

available.	The	core	model	uses	incremental	learning	to	gain	new	knowledge	from	the	

unseen	observations	or	observations	with	improved	formulations	when	the	system	is	

operational.	These	observations	become	available	through	the	PPU	after	AU	generates	

satisfactory	formulations	for	them.	To	initiate	the	adaptation	process	in	AU,	knowledge	

transfer	 is	 performed	 from	 the	 CFU	 to	 the	 AU.	 After	 completion	 of	 the	 adaptation,	

another	knowledge	transfer	from	the	AU	to	the	CFU	is	performed.	These	connections	

and	learning	strategies	are	summarised	in	Figure	3.13.	

	

	
Figure	3.13.	Learning	strategies	linking	AU	and	CFU.	Transfer	learning	is	used	to	transfer	knowledge	between	the	
two	units	while	incremental	learning	is	used	to	enhance	each	model’s	inference	over	new	observations.	
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3.7 Summary	and	conclusions	
To	develop	a	comprehensive	system	for	producing	personalised	skin-care,	this	study	

proposed	 a	 novel	 framework	 (AFPSP)	 that	 incorporates	 two	 independent	machine	

learning	 based	 models	 for	 production	 and	 customisation	 of	 the	 products.	 AFPSP	

incorporates	 the	 customer	 feedback	 into	 the	 production	 loop	 in	 order	 to	 further	

improve	and	enhance	the	generated	formulations.	

As	discussed	in	chapter	1,	one	of	the	main	concerns	about	using	biomedical	datasets	

for	supervised	learning	is	the	size	of	the	datasets.	AFPSP	proposes	expanding	a	small	

training	 set	 and	 inferring	 the	 knowledge	 for	 producing	 personalised	 skin-care	

products	from	this	expanded	dataset.	It	then	proposes	procedures	to	improve	on	this	

initial	inference	over	time	automatically	using	patients’	feedback.	

AFPSP	proposed	a	primary	model	inside	the	CFU,	which	is	trained	on	the	training	set	

of	patients’	skin	profiles	and	associated	skin-care	 formulations.	The	 initial	skin-care	

formulations	are	generated	by	sets	of	rigid	rules	and	decisions	made	by	an	expert,	in	

this	 case	 a	 dermatologist.	 The	 training	 stage	 in	 the	 production-ready	 procedure	

requires	this	expert	supervision	to	fully	prepare	the	inference	of	the	core	or	primary	

model	of	the	framework.	

At	the	next	stage,	the	primary	model	starts	real-time	production	of	skin-care	products	

for	new	patients.	Once	operational,	the	system	can	distinguish	between	the	new	and	

recurrent	patients.	AFPSP	proposes	a	secondary	model	in	the	AU	that	adaptively	and	

iteratively	learns	the	returning	patient’s	preferences	after	using	the	skin-care	products	

incorporating	their	feedback.		

The	AFPSP	transfer	similar	instances	from	the	core	model’s	training	set	to	the	batch	

customiser	model	as	a	method	of	knowledge	transfer	to	speed	up	the	initial	inference	

of	the	batch	customiser	model.	The	adaptation	task	is	then	performed	by	temporary	

ML	 models	 built	 on	 batches	 of	 observations	 with	 low	 feedback	 scores	 using	 the	

proposed	IFLLAI	a	novel	feedback	learning	technique	introduced	in	this	thesis.		

The	operational	system	under	AFPSP	includes	one	core	model	for	producing	the	skin-

care	products	and	clusters	of	temporary	customizer	models	for	adapting	the	products	

to	patient’s	needs	over	time.	

The	 main	 feature	 of	 the	 AFPSP	 is	 minimal	 required	 supervision	 from	 the	

dermatologists	especially	after	being	implemented	in	a	real-time.	The	framework	uses	

patients’	 feedback	 as	 criteria	 to	 improve	 on	 its	 produced	 skin-care	 formulations	
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automatically.	This	results	in	reduced	maintenance	and	running	costs	while	constantly	

improving	on	the	produced	skin-care.	

The	framework	also	introduced	the	ability	to	incorporate	external	data	as	predictors	

to	further	improve	the	products	or	better	customise	the	products	in	different	weather	

and	 seasonal	 conditions.	 Incorporating	 such	 information	 is	 not	 possible	 when	

generating	skin-care	products	by	an	expert	system,	as	such	system	uses	predefined	

sets	of	rules	and	requires	a	constant	flow	of	the	exact	predictors/inputs	to	function.	

This	further	emphasizes	the	flexibility	of	the	proposed	AFPSP.		
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4 Data	analysis	and	case	study	preparation	
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4.1 Introduction	
Chapter	4	describes	 the	biomedical	dataset	of	 skin-measurements	and	personalised	

skin-care	used	in	this	thesis	for	evaluation	of	the	methods	and	techniques	proposed	in	

chapter	3.	This	chapter	provides	a	summary	of	the	human	skin	measurements	involved	

in	 this	 dataset.	 The	 limitations	 of	 this	 dataset	 are	 also	 discussed	 and	 solutions	 to	

resolve	these	limitations,	including	data	expansion,	are	described.		

Additionally,	the	process	of	upscaling	and	expansion	of	this	dataset	is	demonstrated	

using	the	technique	proposed	in	chapter	3.	After	expanding	the	dataset	and	generating	

a	simulated	dataset	of	artificial	skin-measurements,	the	statistical	properties	of	both	

datasets	are	compared,	and	their	similarity	is	analysed.	The	advantages	of	using	the	

simulated	dataset	over	the	original	dataset	is	also	described	from	the	machine	learning	

algorithm	training	perspective.	

Moreover,	an	external	limited	expert	system	for	generation	of	personalised	skin-care	

for	 certain	 types	 of	 skin-profiles	 is	 briefly	 introduced	 in	 this	 chapter.	 This	 expert	

system,	which	has	been	provided	for	the	purpose	of	this	research,	is	used	to	generate	

initial	 personalised	 skin-care	 formulations	 for	 the	 simulated	 dataset	 of	 skin-

measurements	generated	previously.	This	expert	system	acts	as	the	expert	knowledge-

base	and	the	AFPSP	initially	infers	the	rules	associated	with	this	system	by	observing	

its	input	measurements	and	output	skin-care	ingredients.		

The	 ingredients	 generated	 by	 this	 expert	 system	 are	 used	 to	 benchmark	 the	

formulations	generated	by	the	AFPSP	for	evaluation	of	framework	modules	in	chapter	

5.	At	the	end	of	the	chapter,	the	limitations	of	this	expert	system	are	identified	and	the	

advantages	 of	 replacing	 it	with	 the	AFPSP	 for	 production	 of	 personalised	 skin-care	

products	is	discussed.		

	

4.2 Biomedical	dataset	of	human	skin	measurements	
The	dataset	of	skin	measurements,	referred	to	as	the	original	dataset,	consists	of	124	

observations	each	of	which	include	14	physical	and	biomedical	skin	measurements	and	

additional	preferences,	health	and	lifestyle	questionnaire	from	eighty-four	volunteers	

in	different	age	groups.	The	study	involved	in	the	medical	trial	for	collection	of	these	

measurements	is	part	of	the	European	Commission	FP7	project	described	in	chapter	1.	

The	volunteers	enrolled	in	the	skin	sampling	in	this	study	are	divided	into	four	health	

groups	or	profiles:		
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• Profile	 1.	 20	 young	 healthy	 volunteers	 aged	 18	 to	 35	 years,	 referred	 to	 as	

“Healthy	Young”.	

• Profile	 2.	 21	 volunteers	 suffering	 from	Diabetes	Mellitus	Type	 II.	 A	 group	of	

diseases	coming	from	a	malfunction	of	glycaemic	metabolism,	between	others	

often	resulting	in	dry	skin	most	likely	due	to	neuropathy.	These	volunteers	are	

aged	older	than	60	years	and	are	referred	to	as	“Diabetes	Type	II”.		

• Profile	 3.	 23	 volunteers	 suffering	 from	 Rosacea,	 an	 inflammatory	 condition	

mainly	 located	 in	 the	 facial	 area	 and	 often	 resulting	 in	 redness	 or	 pustules.	

These	volunteers	are	aged	older	than	60	years,	referred	to	as	“Rosacea”.	

• Profile	 4.	 20	 healthy	 individuals	 aged	 older	 than	 60	 years,	 referred	 to	 as	

“Healthy	Aged”.		

	

For	 each	 health	 profile	 50%	male	 and	 50%	 female	 volunteers	were	 recruited.	 The	

average	of	multiple	measurements	taken	from	the	right	forearm	of	all	patients,	forms	

a	single	measurement	value	per	volunteer.	In	addition	to	the	forearm	measurements,	

the	“affected”	areas	of	Diabetes	Type	II	volunteers	(left	foot)	and	Rosacea	subjects	(left	

facial	areas)	were	measured.	Table	4.1	shows	the	features	(predictors)	of	the	original	

dataset.	

	
Table	4.1.	Original	biomedical	dataset	features	(predictors).	Physical,	biochemical	and	patient	preferences	are	the	
main	feature	groups	in	this	dataset.	

Physical	Skin	Measurements	 Biochemical	Skin	

Measurements	

Questionnaire	

• Trans-Epidermal	Water	

Loss	

• Sebumetery	

• Corneometery	(hydration)	

• Frictometery	

• Cutometery	(elasticity)	

• pH	

• Spektrophotometery	(SPA,	

SPB	and	SPL	in	LAB	colour	

space)	

• Interleukin	1beta	

• Interleukin	8	

• Interleukin	10	

• FOX	(Oxidant	agent)	

• Ferrozine	(Reductant	

agent)	

	

• General	Questions	

• Product	preferences	
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Each	physical	or	biochemical	skin	biomarker	has	been	measured	3	times	to	reduce	the	

error	of	the	measurements.	The	used	values	in	this	thesis	are	the	mean	of	the	three	

measurements.	

However,	 there	 are	 instances	 of	 unreliable	 or	 redundant	 skin	measurements	 in	 the	

dataset’s	input	attributes.	To	resolve	the	redundant	measurements	issue,	two	possible	

strategies	could	be	adopted:	

1) To	remove	the	outliers	or	redundant	values	and	repeat	calculation	of	the	mean.	

2) To	discard	all	the	observations	that	have	a	redundant	measurement.	

	

Although	 there	 are	 only	 very	 few	 instances	 with	 redundant	 measurements	 in	 the	

original	 dataset,	 removing	 the	 observations	 that	 include	 one	 or	 more	 redundant	

measurements	will	further	reduce	the	size	of	the	dataset.	Hence	the	first	strategy	was	

chosen	to	deal	with	the	redundant	measurements.	

	

4.3 Skin	sampling	and	measurements	
A	brief	description	of	the	skin	measurements	and	devices	used	for	preparation	of	the	

biomedical	 dataset	 is	 provided	 in	 this	 section.	 The	 physical	 skin	 profile	 of	 the	

volunteers	was	made	of	 trans-epidermal	water	 loss,	 the	water	content	 in	 the	horny	

layer	of	the	skin	(Corneometery),	pH	of	the	skin	surface,	amount	of	sebum	in	the	skin	

(Sebumetery),	the	skin	colour,	elasticity	of	the	skin	(Cutometery)	and	the	skin	friction	

(Frictiometery).	The	biochemical	skin	profile	of	the	volunteers	was	made	using	non-

invasive	sampling	discs	and	skin	washes	to	measure	the	inflammation	state	of	the	skin	

(Interleukin	1beta,	8	and	10)	and	skin	redox	state	(Rüther	et	al.,	n.d.).	As	explained	in	

chapter	 1,	 due	 to	 the	 confidentiality	 of	 the	 data,	 the	 values	 for	 these	 skin-

measurements	cannot	be	presented	in	this	thesis.	

	

4.3.1 Corneometery	
The	act	of	determination	of	the	hydration	level	of	the	skin	surface.	This	measurement	

is	acquired	based	on	the	capacitance	of	a	dielectric	medium,	 in	this	case	water.	The	

corneometer	measures	changes	in	the	dielectric	constant.	
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4.3.2 Sebumetery	
Determination	 of	 the	 sebum	 (oil)	 level	 of	 the	 skin	 surface.	 This	 measurement	 is	

performed	based	on	greasy	spot	photometry.	If	the	tape	(mat)	is	brought	into	contact	

with	the	skin,	it	gains	a	level	of	transparency	which	depends	on	the	sebum	content	of	

the	measured	area.	The	level	of	transmission	of	light	indicates	the	sebum	content.	

	

4.3.3 Tewameterery	
Transepidermal	water	loss	or	TEWL	determines	the	evaporation	rate	of	the	skin.	TEWL	

is	a	good	indicator	of	the	skin	moisture.	It	is	the	amount	of	water	inside	the	skin	that	

passively	 evaporates	 from	 the	 surface	 of	 the	 skin	 after	 moving	 from	 dermis	 to	

epidermis.	Tewameter	device	measures	the	density	gradient	of	the	water	evaporation	

from	the	skin	indirectly	by	two	sensors	(temperature	and	relative	humidity).		

	

4.3.4 Cutometery	
The	act	of	measuring	the	elasticity	of	the	upper	skin	layer.	The	device	uses	the	suction	

principle.	Negative	pressure	sucks	a	little	piece	of	skin	into	the	device	which	is	then	

released.	The	resisting	to	negative	pressure	(firmness)	and	the	ability	to	return	to	the	

original	position	by	relaxation	(elasticity)	is	determined.	

	

4.3.5 PH-metery	
Measures	the	skin	surface	pH	value.	pH	is	the	measurement	of	how	acidic	or	alkaline	

the	skin	is.	Normal	human	skin	has	pH	of	5.5	which	is	slightly	acidic	to	fight	fungi	or	

bacteria.	

	

4.3.6 Frictiometery	
The	act	of	determining	the	skin	friction.		In	frictometer	device,	a	smooth	Teflon	disk	

rotates	with	constant	speed.	The	force	that	has	to	be	used	to	rotate	constantly	on	the	

skin	reflects	skin	friction.	The	higher	the	force	the	higher	the	skin	friction.	

	

4.3.7 Spectrophotometery	
The	 act	 of	 measuring	 the	 colour	 of	 the	 skin	 in	 the	 ‘L-a-b’	 colour	 space.	 	 L	 or	 SPl	

parameter	represents	clarity	(dark	to	white);	a	or	SPa	parameter	represents	the	green	

to	red	spectrum	and	b	or	SPb	parameter	is	the	blue	to	yellow	spectrum.		
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4.3.8 Interlukin	1beta	
Interleukin	1	beta	(IL-1β)	is	a	cytokine	protein	encoded	by	the	IL1B	gene	in	humans	

(Clark,	Collins,	Gandy,	Webb,	&	Auron,	1986).	It	is	a	pro-inflammatory	cytokine	whose	

excessive	 activity	 can	 result	 in	 life-threatening	 systemic	 and	 local	 inflammation,	

especially	in	the	skin.	IL-1β	is	a	good	indicator	for	skin	diseases	such	as	Rosacea	and	

Psoriasis		(Cooper	et	al.,	1990;	Gerber,	Buhren,	Steinhoff,	&	Homey,	2011).	

	

4.3.9 Interlukin	8	
Interleukin-8	 (IL-8)	 is	 a	 highly	 active	 chemotactic	 and	 pro-inflammatory	 cytokine	

produced	by	a	variety	of	cells	in	the	skin	in	response	to	inflammatory	agents	(Hedges,	

Singer,	&	Gerthoffer,	2000).	A	range	of	cells	in	the	skin	such	as	dermal	macrophages	

and	 endothelial	 cells	 possess	 cell	 surface	 receptors	 for	 IL-8.	 In	 psoriasis,	 an	

inflammatory	skin	disease,	overexpression	of	these	epidermal	IL-8	receptors	has	been	

observed	(Bruch-Gerharz	et	al.,	1996).	

	

4.3.10 Interlukin	10	
Interleukin	10	(IL-10)	is	an	important	anti-inflammatory	cytokine	produced	by	a	host	

of	immune	effector	cells,	and	controls	many	immune	responses	in	the	skin	(Eskdale,	

Kube,	Tesch,	&	Gallagher,	1997).	It	has	been	implicated	in	different	skin	disorders	such	

as	psoriasis	and	represents	a	potential	therapeutic	target	(Weiss	et	al.,	2004).	

	

4.3.11 FOX	
The	Ferrous	Oxidation−Xylenol	Orange	 (FOX)	 reagent	 is	 an	assay	 chemical	used	 to	

measure	free	radical	levels	in	biological	samples	(DeLong	et	al.,	2002).	Free	radicals	

are	highly	reactive	chemical	species	 that	can	 form	 in	different	 tissues.	Uncontrolled	

production	of	these	free	radicals	 in	a	source	of	skin	diseases	such	as	dermatitis	and	

inflammatory	disorders	(Silva,	Michniak-Kohn,	&	Leonardi,	2017).	

	

4.3.12 Ferrozine	
Ferrozine	is	an	assay	reagent	used	for	the	accurate	and	sensitive	quantitation	of	iron	

in	biological	systems	(Jeitner,	2014).	
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4.4 Measurement	correlations	
The	 Pearson	 correlation	 coefficient	 (PCC)	 (Benesty,	 Chen,	 Huang,	 &	 Cohen,	 2009;	

Pearson,	1895;	Soper,	Young,	Cave,	Lee,	&	Pearson,	1917)	also	known	as	Pearson’s	r	

value	is	the	measurement	of	the	linear	correlation	between	two	variables.	Pearson’s	r	

has	a	value	between	(−1,+1),	where	+1	is	complete	positive	correlation	between	the	

two	variables,	0	is	no	evidence	of	a	linear	correlation	between	the	two	and	−1	is	the	

complete	negative	correlation	between	the	values	(Stigler,	1989).	The	probability	or	p	

value	 is	 the	measure	 of	 the	 significance	 of	 the	 correlations	 in	 statistical	 hypothesis	

testing	(Wasserstein	&	Lazar,	2016).	The	smaller	the	p	value	the	higher	the	significance	

of	the	statistical	test,	however	a	common	arbitrary	threshold	to	measure	significance	

is	0.05.	The	p	values	below	0.05	are	considered	to	be	of	significance.	

The	Pearson	r	and	the	p	values	between	the	physical	and	biochemical	measurements	

of	 the	original	dataset	are	calculated	and	presented	 in	Table	4.2	and	Table	4.3.	The	

diagonal	values	for	the	r	value	represent	the	relation	between	identical	measurements	

hence	are	equal	to	1.	
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The	 correlations	 with	 the	 highest	 significance,	 where	 the	 p-value	 is	 below	 0.05,	

together	with	the	r	values,	are	presented	in	the	chart	represented	in	Figure	4.1.	

	
Figure	4.1.	Correlations	chart	for	original	dataset's	measurements	filtered	by	their	significance.	The	crossed	values	
have	a	low	significance	(p	>	0.05).	

Finally,	the	five	most	significant	correlations	have	been	extracted	from	Figure	4.1	and	

presented	in	Table	4.4	along	with	their	p	and	r	values.		

	
Table	4.4.	Top	5	most	significant	correlations	in	original	dataset.	Pearson	r	value	and	p-value	are	provided	for	each	
feature.	

Measurement	1	 Measurement	2	 Pearson	r	value	 P-value	

Corneometery Frictometery 0.578782875 1.910694e-12 

SPL Cutometery 0.472085484 3.109412e-08 

IL8 SPL -0.399729344 4.237994e-06 

Corneometery Cutometery -0.381160133 1.256900e-05 

SPL TEWL -0.350459729 6.597694e-05 
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From	the	presented	correlation	results	in	Table	4.2,	Table	4.3,	Table	4.4	and	Figure	4.1	

it	 can	 be	 concluded	 that	 the	 Pearson	 correlation	 between	 Frictometery	 and	

Corneometery	is	the	most	significant	correlation	in	this	dataset	with	the	r	value	of	0.58.	

This	 indicates	 a	 moderate	 positive	 linear	 relationship	 between	 the	 two	 physical	

measurements.	 The	 Pearson	 r	 values	 between	 Cutometery	 and	 SPL	 and	 between	

Cutometery	 and	 Corneometery	 (respectively	 +0.47	 and	 –0.4)	 indicate	 weak	 linear	

relationships,	 even	 though	 the	most	 significant	 correlations	 after	 Frictometery	 and	

Corneometery.		

The	 positive	 relationship	 between	 Corneometery	 and	 Frictometery	 indicates	 the	

moderate	correlation	between	skin	hydration	and	skin	friction,	which	is	an	expected	

and	sensible	outcome.	The	presence	of	SPL	(the	colour	of	the	skin)	in	3	out	of	the	top	5	

significant	 correlations	 reveals	 the	 link	 between	 the	 skin	 measurements,	 skin	

conditions	and	the	changes	in	skin	colour.		

The	 correlation	 tests	 show	 that	 linear	 link	 between	 physical	 and	 biochemical	

measurements	 are	 generally	 insignificant	 with	 exception	 of	 the	 Frictometery	 and	

Corneometery	 in	 this	 dataset.	 Due	 to	 possible	 measurement	 errors	 and	 this	 small	

dataset	the	correlation	results	may	not	fully	represent	the	exact	links	between	the	skin	

measurements	in	human	body.	Additionally,	from	these	results,	it	cannot	be	concluded	

that	there	will	be	no	non-linear	relation	between	the	measurements.		

The	results	indicate	no	redundant	measurements	in	this	dataset	as	there	are	no	fully	

correlated	measurements	taken	during	the	trials.	Hence	the	feature	and	dimensionality	

reduction	 are	 not	 necessary	 for	 this	 dataset	 especially	 considering	 the	 size	 of	 the	

dataset.		

		

4.5 Principal	component	analysis	
As	mentioned	in	chapter	2,	PCA	aims	to	attain	a	low	dimensional	representation	of	a	

multi-dimensional	dataset	in	a	way	to	represent	most	of	the	variance	in	dataset	and	

without	 a	 significant	 loss	 of	 information.	Although	as	 explained	 in	previous	 section	

redundant	or	very	correlated	features	are	unlikely	in	original	dataset,	this	section	aims	

to	 visualise	 this	 multivariate	 dataset,	 find	 any	 possible	 anomaly	 in	 the	 data	 and	

investigate	using	PCA	as	one	method	for	automatic	clustering	following	the	discussion	

in	chapter	3.	
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To	create	a	low	dimensional	representation	of	a	dataset,	PCA	solely	seeks	to	describe	

the	dataset	by	the	variance	in	the	data.	However,	this	presumption	may	not	be	true	for	

biomedical	data	analysis	due	to	the	following	reasons:	

	

•	The	biomedical	measurement	task	groups	are	not	always	fully	under	control	

in	trials.	Commingling	factors	such	as	measurement	errors	and	technical	and	

environmental	 errors	 may	 have	 a	 great	 impact	 on	 the	 dataset's	 variance	

(Brazma	et	al.,	2001;	Brinkman	et	al.,	2010).	

•	Task	groupal	biomedical	data	that	is	made	of	biomedical	measurements,	can	

often	be	distributed	in	a	non-Gaussian	manner;	therefore,	principal	components	

may	not	be	representative	of	full	dataset	variance.	

•	Some	biomedical	measurements	have	a	small	variance,	which	can	have	a	large	

impact	on	the	investigated	biomedical	goal	(Bolstad,	Irizarry,	Åstrand,	&	Speed,	

2003;	Woolson	&	Clarke,	2011).	

	

Hence	an	analysis,	which	is	not	purely	based	on	the	data	variance,	can	be	more	suitable	

for	this	dataset.	However,	the	PCA	has	been	performed	on	this	dataset	to	prove	validity	

of	 the	 above	 points.	 Also,	 since	 PCA	 also	 considers	 linear	 relationship	 between	

variables	 of	 the	 dataset,	 the	 PCA	 results	 can	 be	 used	 as	 prove	 for	 validity	 of	 the	

correlation	results	in	the	previous	section.	Moreover,	PCA	provides	a	two-dimensional	

representation	of	the	dataset	which	can	be	plotted	to	achieve	a	better	understanding	

of	the	data.	

The	measurements	of	the	biomedical	dataset	in	this	study	have	different	ranges	and	

scales.	Hence	normalising	the	data	prior	to	PCA	prevents	large	loadings	for	variables	

with	a	high	variance.	The	dataset	has	been	normalised	prior	to	the	test	to	achieve	the	

most	accurate	results	throughout	all	the	tasks.	

The	principal	components	for	the	original	dataset	measurements	have	been	calculated	

using	 Equation	 2.56	 and	 Equation	 2.57.	 The	 eigenvalues	 of	 the	 PCA	 have	 been	

determined	and	the	percentage	of	variances	are	explained	per	principal	component	in	

the	scree	plot	in	Figure	4.2.	The	scree	plot	orders	the	eigenvalues	from	the	largest	to	

smallest.	
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Figure	4.2.	Scree	plot	showing	the	percentages	of	variances	for	each	principal	component	in	the	original	dataset’s	
skin	measurements.	

The	scree	plot	indicates	that	the	first	two	eigenvalues	only	represent	20.5%	or	the	total	

variances	 in	 the	 dataset	 and	 at	 least	 10	 eigenvalues	 in	 10	 different	 directions	

(eigenvectors)	are	required	to	capture	at	least	90%	of	the	total	variance.		

Figure	4.3	shows	the	 individual	observations	 in	the	dataset	represented	by	the	 first	

two	principal	components,	PC1	and	PC2.	The	individual	observations	are	grouped,	and	

colour	coded.	The	quality	of	the	representation	for	variables	on	the	PC	map	is	referred	

to	 as	 the	 squared	 cosine	 or	 “cos2”	 of	 the	 individuals.	 PC1	 and	 PC2	 are	 the	 most	

significant	for	the	observations	colour	coded	in	warm	colours.	Based	on	the	cos2	value	

or	 significance	 of	 the	 observations,	 these	 observations	 can	 be	 divided	 into	 three	

clusters	i.e.	observations	close	to	red,	orange	and	blue	colours	in	Figure	4.3.	However,	

using	the	quality	of	representation	for	automatic	clustering	is	not	representative,	since	

PC1	and	PC2	do	not	describe	majority	of	the	variance	in	this	dataset.	Additionally,	the	

number	 of	 required	 clusters	 can	 only	 be	 speculated	 using	 this	method.	 Using	 such	

clusters	for	expansion	may	induce	imbalance	in	an	expanded	dataset.	
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Figure	4.3.	Map	of	contributions	of	individuals	to	the	first	2	dimensions	of	the	PCA,	i.e.	PC1	and	PC2	over	the	original	
dataset’s	skin	measurements.	

Figure	4.4	shows	the	graph	of	variables	(skin	measurements)	for	the	original	dataset.	

This	graph	shows	the	correlations	between	variables	and	PCs	or	the	 loadings	in	the	

dataset.	Variables	with	positive	correlation	are	the	arrows	with	the	same	direction	and	

the	 negatively	 correlated	 variables	 get	 the	 opposite	 direction.	 The	 contribution	 of	

every	variable	to	PC1	and	PC2,	referred	to	as	“contrib”	is	presented	in	this	figure.	

	
Figure	4.4.	Skin	measurements’	graph	of	variables.	Variables	with	positive	correlation	have	the	same	direction	and	
the	negatively	correlated	variables	have	opposite	direction.	
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Figure	4.4	highlights	the	most	important	variables	in	explaining	the	variations	retained	

by	the	PC1	and	PC2.	The	variables	with	the	same	direction	have	a	positive	correlations	

and	 the	 variables	 with	 opposite	 directions	 have	 negative	 correlations.	 SPL,	

Corneometery	 and	 Frictometery	 contribute	 the	 most	 to	 the	 principal	 components	

respectively.	This	is	alighted	with	the	r-value	and	p-value	tests	in	the	previous	section	

indicating	that	PC1	and	PC2	loadings	represent	the	most	significant	variables	 in	the	

dataset.	 Additionally,	 it	 illustrates	 that	 Frictometery	 and	 Corneometery	 have	 very	

strong	positive	correlations	(correlation	~	1).	Cutometery	and	SPL	also	have	a	very	

strong	 correlation	 and	 IL8	 and	 SPL	 are	 negatively	 correlated	 (correlation	 ~	 -1).	

Although	this	plot	only	represents	about	20.5%	of	the	total	variance	in	the	dataset,	the	

variable	 contributions	 and	 correlations	 are	 aligned	 with	 the	 most	 significant	

correlations	in	Figure	4.1	and	Table	4.4.	Figure	4.5	illustrates	a	combined	view	of	the	

graphs	in	Figure	4.3	and	Figure	4.4.	

	
Figure	4.5.	Biplot	combining	the	plot	of	individuals	and	plot	of	variables	for	the	original	dataset’s	measurements.	

The	PCA	results	suggest	that	the	number	of	eigenvectors	required	to	represent	the	full	

variable	set	are	close	to	the	number	of	the	original	features	in	the	dataset.	Hence,	it	is	

not	 feasible	 to	 represent	 the	 original	 variables	 by	 the	 principal	 components	 for	

dimensionality	reduction	purposes	as	it	will	result	in	significant	information	loss.		
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The	correlation	and	the	PCA	analysis	show	that	the	lack	of	linear	correlations	between	

the	measurements	 is	 likely	 to	 result	 in	 poor	 performance	 of	 the	 linear	 algorithms	

trained	on	this	predictor	set.	However,	this	test	does	not	consider	relations	between	

the	predictors	and	target	variables	for	these	algorithms.	

There	are	various	solutions	 to	 find	relations	between	non-linearly	related	variables	

which	can	possibly	result	in	non-linear	dimensionality	reduction.	Supervised	learning	

is	the	most	well-known	method	for	non-linear	dataset	modelling.	Using	RF	algorithm	

has	also	been	proven	feasible	for	variable	importance	and	feature	selection	for	data	

with	non-linear	relationships	as	explained	in	chapter	2.		

The	results	of	the	PCA	test	shows	feasibility	of	using	non-linear	and	complex	MLA	to	

map	the	non-linear	relations	in	this	dataset.	Chapter	5	tests	the	fit	of	such	algorithms	

as	well	as	evaluate	feasibility	of	variable	reduction	by	MLAs.	

	

4.6 Clustering	by	patients’	common	characteristics	
Chapter	 3	 discussed	 dataset	 expansion	 by	 upscaling	 clusters	 of	 observations	 with	

common	profile	information	(CPI),	instead	of	upscaling	the	dataset	as	a	whole.	The	aim	

is	to	prepare	a	training	and	possible	validation	set	for	ML	training	and	evaluation	from	

a	small	specialised	biomedical	dataset.		

As	explained	in	chapter	3,	by	upscaling	a	biomedical	dataset	as	a	whole,	although	the	

overall	covariance	matrix	can	be	preserved,	the	number	of	observations	that	represent	

each	CPI	group	and	therefore	micro	covariances	 in	 these	groups	 is	 likely	 to	change.	

This	could	lead	to	models	that	are	too	generalised	and	unaware	of	such	distinct	groups	

or	even	the	loss	of	CPIs.	This	also	helps	preserving	the	purpose	of	the	medical	trial	by	

keeping	 the	 groups	 of	 patients	 with	 certain	 diseases	 or	 conditions	 intact.	 This	 is	

specially	 the	 case	 in	 the	 original	 dataset	 as	 it	 represents	 the	 four	 patient	 profiles	

explained	earlier.		

As	 explained	 in	 chapter	 3,	 patients	 with	 CPIs	 such	 as	 health,	 age,	 sample	 location,	

colour,	 pigmentation	 and	 gender	 information	 have	 similar	 skin	 characteristics.	 To	

show	 this	 interrelation,	 Pearson	 correlations	 between	 these	 CPIs	 and	 the	 skin-

measurements	are	calculated,	and	the	most	significant	r	values	are	provided	in	Table	

4.5.	
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Table	4.5.	Pearson	r	and	p	values	indicating	the	most	significant	linearly	correlated	measurement	characteristics	to	
the	skin	measurements.	

CPI	 Measurement	 Pearson	r	value	 P-value	

Health/Age	 Frictometery	 0.4317980	 5.519537e-07	

Health/Age	 Corneometery	 0.4149501	 1.653389e-06	

Health/Age	 SPL	 -0.2543903	 4.356245e-03	

Gender	 TEWL	 0.3445033	 8.928387e-05	

Gender	 PH	 -0.3231667	 2.513076e-04	

Test	Area	 Ferrozine	 -0.3026560	 6.340916e-04	

Test	Area	 TEWL	 -0.2876381	 1.198216e-03	

	

The	correlation	results	present	low	to	moderate	linear	correlation	between	the	CPIs	

and	 skin-measurements	 of	 the	 original	 dataset.	 This	 is	 in	 addition	 to	 possible	 non-

linear	relations	between	the	two.		

To	 transfer	 such	 interrelations	 to	 the	 expanded	 dataset	 and	 preserve	 the	 original	

observation	CPIs,	 all	 possible	 combination	of	 these	CPIs	 are	used	 to	 form	 the	most	

granular	unique	clusters	with	unique	characteristics.	Figure	4.6	shows	the	granularity	

of	the	CPIs	among	all	124	observations	in	the	original	dataset.	

	

	
Figure	4.6.	Original	dataset’s	volunteer	CPIs	and	possible	 clusters	with	common	characteristics.	The	number	of	
observations	per	potential	cluster	is	shown	on	each	cluster.	The	granularity	increases	from	left	to	right.	The	most	
granular	clusters	are	groups	of	similar	age,	health,	sampling	location	and	gender.	
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Following	the	explained	procedure,	twelve	balanced	clusters	of	CPIs	are	formed.	These	

clusters	 have	 common	 health/age,	 skin-measurement	 sampling	 area	 and	 gender.	

Expanding	these	individual	clusters	instead	of	the	whole	dataset	ensures	that	even	the	

micro	 covariances	 of	 theses	 subsets	 of	 the	 original	 dataset	 are	 preserved	 in	 the	

expanded	dataset.	Also,	the	trial’s	volunteer	and	sample	structure	are	preserved.		

	

4.7 Dataset	expansion	
This	 section	 discusses	 creating	 an	 expanded	 and	 artificial	 dataset	 of	 skin-

measurements	 based	 on	 the	 original	 dataset	 of	 skin-measurements.	 The	 aim	 is	 to	

achieve	a	larger	number	of	observations	for	machine	learning	training	and	evaluation	

which	will	be	performed	in	chapter	5.	The	proposed	method	for	dataset	expansion	in	

chapter	3,	aims	at	creating	a	balanced	dataset	with	enough	observations	to	be	used	as	

a	training	set	for	an	MLA	during	the	initial	training.	As	explained	in	previous	section,	

the	 first	 challenge	 is	 to	 preserve	 the	 original	 dataset’s	 CPIs	 and	 volunteer	

characteristics	so	 that	 the	expanded	dataset	 represents	 the	original	medical	 trial	as	

much	as	possible.	The	second	requirement	is	to	keep	the	statistical	characteristics	of	

the	expanded	dataset	similar	to	the	original	dataset.	This	 includes	keeping	the	skin-

measurement	value	range	similar	to	the	original	measurements’	range.	The	reason	is	

that	 this	 work	 generates	 skin	 care	 formulations	 using	 an	 expert	 system	 that	 was	

designed	for	the	original	dataset’s	value	range,	hence	unexpected	values	may	lead	to	

wrong	formulations	or	system	error.	

As	mentioned	in	chapter	2,	there	are	various	benefits	in	artificial	data	generation,	from	

which	the	 lack	of	adequate	 training	data	and	dataset	 imbalance	are	 the	well-known	

reasons.	 Considering	 data	 collection	 methods	 for	 the	 original	 dataset	 during	 the	

medical	trial,	the	dataset	size	is	limited	to	124	observations	(after	clustering),	which	is	

not	adequate	for	training	an	algorithm	over	a	considerable	number	of	predictors	(in	

this	case	14	physical	and	biochemical	predictors).		

In	order	to	train	a	conventional	MLA,	a	vast	amount	of	training	data	is	required.	Also,	

the	 model	 should	 be	 validated	 on	 a	 similarly	 structured	 dataset	 as	 explained	 in	

chapters	 2	 and	 3.	 Therefore,	 a	 validation/test	 dataset	 as	well	 as	 a	 training	 set	 are	

required	for	full	evaluation	of	a	supervised	learning	task.	An	ANN	based	model	requires	

even	 more	 training	 observations	 than	 a	 conventional	 MLA,	 as	 learning	 in	 ANN	 is	

performed	by	iterative	algorithms	such	as	gradient	descent.		
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This	clearly	shows	lack	of	adequate	data	for	training	and	evaluation	of	the	proposed	

framework	using	the	original	dataset,	especially	as	this	work	proposes	an	incremental	

learning	framework	with	transfer	learning	between	two	machine	learning	algorithms	

and	requires	a	wider	range	of	observations	for	system	evaluation.	

To	 generate	 a	 simulated	 predictor	 set,	 the	 physical	 and	 biochemical	 skin	

measurements	 from	 the	 original	 dataset	 are	 used.	 Despite	 having	 access	 to	 the	

volunteers’	filled	questionnaire,	the	effect	of	this	questionnaire	on	the	model	accuracy	

will	not	be	evaluated	in	this	study.	The	reason	is	not	being	able	to	accurately	generate	

an	artificial	questionnaire	as	it	is	virtually	impossible	to	connect	the	various	answers	

to	a	questionnaire	to	the	measurements	unless	a	large	dataset	is	available.		

The	 data	 generation	 follows	 the	 approach	 proposed	 in	 chapter	 3.	 The	 normal	

generation	formulation	described	in	chapter	3	is	performed	by	the	“mvrnorm”	function	

(Ripley,	 2002)	 in	 R	 statistical	 environment	 (R	 Core	 Team,	 2018).	 This	 function	

performs	the	principals	of	the	multivariate	normal	generation	as	explained	in	chapter	

3.	

The	aim	is	to	generate	expanded	clusters	based	on	the	clusters	created	in	the	previous	

section.	The	expanded	clusters	are	multivariate	normal	distributions	of	 the	original	

clusters.	 This	 ensures	 the	 correlations	 between	 the	 variables	 in	 each	 subset	 are	

preserved.		

	

The	main	user-specified	parameters	in	“mvrnorm”	function	are	the	following:	

• n:	Expected	number	of	draws	

• µ:	Population	mean	vector	with	p	components	

• Σ:	Variance	matrix	that	has	p	×	p	components	

• tol:	Tolerance	parameter	that	is	employed	to	determine	if	the	variance	matrix	

is	positive	definite		

	

The	sought	outcome	is	an	n	×	p	matrix	in	which	each	row	is	a	draw	from	multivariate	

normal	distribution.	
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The	main	steps	to	calculate	the	outcome	matrix	are	the	following	as	stated	in	the	study	

by	Johnson	(M.	E.	Johnson,	2013):	

1. Calculation	of	the	eigen	decomposition	of	Σ.	

2. Positive	definite	check	for	Σ	by	inspecting	the	eigen	values.	

A. If	an	eigenvalue	is	intolerably	negative,	terminate	with	an	error	message.		

B. Tolerably	negative	eigenvalues	are	reset	to	0.	

1. Building	the	scaling	matrix,	S	by	using	the	eigen	decomposition	

2. Creating	a	candidate	matrix	with	𝑛	 × 	𝑝	components	made	of	random	vectors	

by	drawing	from	𝑁	(0, 1).	

3. Applying	𝑦	 = 	𝜇	 + 	𝑆𝑥	to	rescale	the	candidate	random	draws	and	creating	the	

final	outcome	matrix.	

	

As	shown	in	Figure	4.6,	the	original	dataset	can	be	divided	into	multiple	clusters	of	size	

10	or	11	observations.	Each	cluster	is	extended	separately	and	to	the	same	desired	size	

as	shown	in	Figure	3.2.	The	histogram	of	the	original	dataset	has	been	plotted	in	Figure	

4.7.		

	
Figure	 4.7.	 Original	 dataset's	 measurements	 histogram.	 Each	 of	 the	 124	 observations	 have	 14	 physical	 and	
biochemical	skin-measurements.	
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Following	 the	 steps	 mentioned	 before,	 1500	 simulated	 skin-measurement	 sets	 are	

generated	for	each	of	the	12	clusters.	The	expanded	dataset	of	skin	measurements	is	

finally	built	by	concatenating	all	clusters	 into	a	single	dataset.	This	results	 in	18000	

simulated	predictors	for	an	expanded	artificial	skin-care	dataset.	The	histogram	of	the	

expanded	dataset	is	presented	in	Figure	4.8.		

	
Figure	4.8.	Histogram	of	the	expanded	dataset	of	artificial	skin-measurements.	18000	observations	with	normal	
distribution	are	generated	from	the	original	dataset.	

As	explained	earlier	in	this	chapter,	the	simulated	dataset’s	measurement	value	range	

can	be	extended	outside	the	original	dataset’s	value	range	as	the	simulated	data	has	a	

Gaussian	distribution.	This	can	also	be	observed	in	Figure	4.8	where	some	simulated	

measurement	data	points	with	negative	values	are	produced.	These	values	cannot	be	

achieved	by	the	measurement	tools	used	to	measure	skin-biomarkers.	

To	ensure	 the	simulated	measurements	are	within	 the	range	of	 the	original	dataset	

measurements,	the	observations	with	unexpected	measurement	values	filtered	out	of	

each	 simulated	 cluster	 separately.	 After	 filtering	 the	 outliers,	 the	 final	 simulated	

dataset	consists	of	a	total	of	5486	artificial	skin	measurements.	

The	histogram	of	the	simulated	dataset	after	elimination	of	the	outliers	is	presented	in	

Figure	4.9	alongside	original	dataset’s	histogram	for	comparison.	
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Figure	4.9.	Histograms	of	the	skin-measurements	 in	the	simulated	dataset	(up)	and	the	original	dataset	(down)	
after	filtering	out	the	observations	with	out	of	range	and	unexpected	values.		
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After	 elimination	 of	 observations	 with	 out	 of	 range	 values,	 the	 measurement	

correlations	 in	 the	 simulated	 dataset	 are	 recalculated	 and	 the	 correlation	 matrix	

including	the	significant	correlations	(P<0.05)	is	calculated	and	presented	in	Figure	

4.10.		

	
Figure	4.10.	Correlation	matrix	of	measurements	with	significant	P	values	(below	0.05)	for	the	simulated	dataset.	

Figure	4.10	shows	that	the	significant	correlations	in	the	simulated	dataset	are	very	

similar	 to	 the	 significant	 correlations	 in	 the	 simulated	 dataset.	 However,	 the	

correlation	matrix	is	slightly	different	as	additional	significant	correlations	have	been	

introduced	 in	 the	 simulated	 dataset	 after	 filtering	 out	 the	 unexpected	 values.	 The	

significant	correlations	in	both	original	and	simulated	datasets	are	presented	in	Table	

4.6.	
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Table	4.6.	The	significant	correlations	of	the	measurements	compared	between	the	original	dataset	and	the	
simulated	dataset	

Measurement	1	 Measurement	2	 Original	Correlation	 Simulated	

Correlation	

Corneometery Frictometery 0.578782875 0.49164625	

SPL Cutometery 0.472085484 0.35730554	

IL8 SPL -0.399729344 -0.48098449	

Corneometery Cutometery -0.381160133 -0.33998858	

SPL TEWL -0.350459729 -0.31489135	

	

Table	4.6	 results	 show	that	 the	 top	5	significant	measurements	correlations	 for	 the	

simulated	 dataset	 have	 only	 slightly	 changed	 after	 dataset	 expansion.	 The	 low	 to	

moderate	correlation	between	Corneometery	and	Frictometery	and	the	low	positive	

correlation	between	SPL	and	Cutometery	are	still	very	similar	in	the	simulated	dataset.	

The	similarity	of	the	interrelations	between	the	measurements	of	the	two	datasets	is	

an	indicator	of	success	in	expanding	the	original	dataset	and	preserving	most	of	the	

original	covariance	and	the	trial	CPI	groups.		

Although	the	dataset	covariance	matrix	can	contribute	to	inference	of	some	linear,	the	

more	important	factor	in	supervised	learning	is	finding	a	 link	between	the	dataset’s	

variables	and	the	target	variables	i.e.	personalised	skin-care.	These	target	variables	are	

initially	produced	by	an	expert	system	and	the	initial	model	inference	highly	depends	

on	the	rules	of	this	expert	system.	Hence,	the	small	difference	in	the	inter-correlations	

of	the	dataset	variables	should	have	minimal	impact	on	representability	of	the	models	

built	over	this	dataset.	

Additionally,	 the	 novel	 iterative	 learning	 IFLLAI	 introduced	 in	 chapter	 3,	 is	 able	 to	

compensate	 for	 the	 noise	 and	 non-accurate	 data	 in	 the	 initial	 training	 dataset	 by	

improving	the	model	performance	over	various	iterations	of	production	and	learning.	

IFLLAI	will	be	evaluated	on	this	simulated	dataset	in	chapter	5.	

	

4.8 Personalised	skin-care	formulation	generator	
As	discussed	earlier	 in	this	chapter,	a	skin-care	formulation	generator	 in	form	of	an	

expert	 system	 is	provided	 to	 this	work	 for	generating	 initial	personalised	 skin-care	

formulations	for	both	the	original	and	simulated	datasets.	This	expert	system	is	able	to	

generate	the	amounts	of	various	ingredients	needed	to	create	a	personalised	skin-care	
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formulation.	 The	 system	 uses	 the	 physical	 and	 biomedical	 skin	 measurements	 as	

inputs.		

This	expert	formulation	generator	(EFG)	has	been	designed	to	produce	personalised	

skin-care	formulations	for	the	original	dataset	of	skin	measurements,	which	is	targeted	

for	 the	 elderly	 population	 with	 conditions	 such	 as	 rosacea	 and	 diabetes.	 More	

precisely,	 the	 system	 generates	multiple	 ingredients	 that	 can	 create	 a	 personalised	

skin-care	product	only	guaranteed	to	work	for	these	patients.	EFG	uses	a	combination	

of	mathematical,	statistical	and	rules	based	on	dermatologists’	expertise.	

EFG	operates	 at	 two	 stages.	 First,	 it	 derives	key	 characteristics	of	 the	 skin	 for	 each	

observation	from	the	skin	measurements	and	then	it	uses	those	characteristics	along	

with	the	skin	measurements	to	generate	skin-care	ingredients.		

	

The	 following	 sets	 of	 variables	 are	 generated	 by	 the	 EFG	 for	 each	 set	 of	 skin-

measurements:		

A. The	 extracted	dermatological	 characteristics	 or	 intermediate	 features	 in	 this	

case,	5	skin	characteristics	per	patient.		

B. 28	ingredients	for	a	personalized	skin-care	product.	These	ingredients	can	be	

divided	into	2	main	groups:		

• Bases;	3	ingredients	

• Actives,	preservatives	and	fragrances;	25	ingredients	

	

As	 the	 EFG	 extracts	 expert	 dermatological	 knowledge	 (skin-conditions)	 from	 the	

measurements,	there	is	a	possibility	of	using	these	intermediate	features	to	enrich	the	

predictors	of	the	simulated	dataset.		

Although	 acquiring	 similar	 expert	 features	 requires	 access	 to	 dermatologists,	

analysing	their	impact	on	the	performance	of	the	ML	models	can	be	indicative	of	the	

trade-off	between	their	impact	on	the	accuracy	of	the	skin-care	formulations	and	the	

costs	of	involving	expert	knowledge	in	the	process.		

Having	said	that,	it	is	expected	to	observe	an	increase	in	performance	by	using	these	

intermediate	features	as	predictors	to	MLAs,	considering	the	current	expert	system’s	

function.	A	task	group	in	chapter	5	evaluates	the	effect	of	these	intermediate	features.		

Among	the	ingredients	of	the	skin-care	formulations,	the	bases	take	discrete	values	as	

there	are	only	limited	concentrations	supported	by	the	EFG.	The	actives	on	the	other	

hand,	take	continues	values,	which	are	always	limited	between	specified	minimum	and	
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maximums	ranges	based	on	the	active	type.	The	variance	and	distribution	of	the	actives	

generated	by	the	EFG	can	be	seen	in	Figure	4.11.	The	names	and	values	of	the	actives	

cannot	be	disclosed	in	this	study	due	confidentiality	of	the	data.	

	
Figure	4.11.		Histogram	of	the	active	ingredients	generated	by	the	EFG.	The	skin	measurements	in	the	simulated	
dataset	are	used	as	input	to	EFG	to	generate	these	active	ingredients.	
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4.9 Supervised	learning	benchmarks	
This	section	evaluates	the	performance	of	multiple	classification	algorithms	on	original	

and	simulated	datasets.	A	classification	task	has	been	considered	to	predict	the	amount	

of	the	three	base	ingredients	in	personalised	skin-care	formulations.	The	predictor	and	

target	variable	set	for	this	task	is	illustrated	in	Figure	4.12.	

	

	
Figure	4.12.	Predictors	and	target	variables	for	the	classification	task	of	predicting	base	concentration	amount.	This	
task	aims	to	evaluate	the	model	fit	trained	on	the	original	and	simulated	datasets.	

To	reflect	the	true	difference	between	the	two	datasets	K-fold	cross	validation	is	used	

to	create	training	and	evaluation	sets	from	these	datasets	and	evaluate	the	accuracy	of	

the	created	models.	The	original	dataset	suffers	 from	a	 low	number	of	observations	

(124	observations).	Hence,	dividing	the	dataset	into	k=10	folds	increase	the	chances	

of	algorithm	underfitting	and	class	imbalance	as	it	divides	the	dataset	into	10	folds	of	

12	observations.		

As	explained	in	chapter	2,	to	prevent	model	underfitting	in	small	training	sets,	“leave-

one-out”	cross	validation	method	(G.	H.	Golub	et	al.,	1979)	is	used	for	this	classification	

task.	 To	 perform	 leave-one-out	 on	 the	 original	 dataset	 K	 is	 set	 to	 124	 and	 for	 the	

simulated	dataset	K	is	set	to	5486.	The	cross-validation	evaluation	would	be	repeated	

for	 every	 fold/observation	 in	 the	 dataset	 while	 being	 trained	 on	 the	 rest	 of	 the	

observations.	This	will	result	 in	 longer	runtime	but	more	accurate	and	fairer	model	

evaluation	for	both	datasets.	

The	 following	 classification	 algorithms	 have	 been	 selected	 from	 the	 algorithms	

described	in	chapter	2	and	are	trained	on	both	datasets	to	predict	the	value	of	the	base	

ingredients	in	the	datasets.		

1. K	Nearest	Neighbour	(KNN)	

2. Random	Forest	(RF)	

3. Multilayer	Perceptron	(MLP)	
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These	 algorithms	 are	 imported	 from	 the	 “SCIKIT-Learn”	 library	 (Pedregosa	 et	 al.,	

2011).	KNN	and	RF	are	set	to	the	default	“SCIKIT-Learn”	parameters	while	the	MLP	

architecture	and	hyperparameters	are	provided	in	Table	4.7.	

	
Table	4.7.	MLP	architecture	and	selected	hyperparameters	for	the	classification	benchmark.	

#	input	nodes	 19	

#	hidden	layer	1	nodes	 30	

#	hidden	layer	2	nodes	 20	

#	output	nodes	 1	

Weight	initialisation		 Random	

Transfer	function	 Tanh	

Network	learning	rate	 0.001	

Optimiser	 Adam	

	

Since	base	ingredients	have	discrete	values,	this	test	is	divided	into	three	independent	

single	target	classification	problems	for	base	0,	base	1	and	base	2.	For	each	base	the	

mean	classification	accuracy	of	all	folds	is	calculated.	Finally,	the	mean	accuracy	of	the	

three	bases	is	calculated	to	compare	the	performance	of	the	algorithms.	
	

Table	4.8	presents	the	classification	accuracy	comparison	between	the	selected	MLAs	

on	the	3	bases	in	the	original	dataset.		
	

Table	 4.8.	 Classification	 accuracy	 comparison	 for	 the	 three	 base	 ingredients	 of	 the	 personalised	 skin-care	
formulations.	Leave	one	out	cross	validation	has	been	performed	on	original	and	simulated	datasets.	

Dataset	 Algorithm	 Base	0	

Accuracy	

Base	1	

Accuracy	

Base	2	

Accuracy	

Mean	

Accuracy	

Original	

dataset	

KNN	 0.758	 0.79	 0.79	 0.78	

RF	 0.774	 0.815	 0.798	 0.796	

MLP	 0.806	 0.935	 0.879	 0.874	

Simulated	

dataset	

KNN	 0.873	 0.93	 0.93	 0.911	

RF	 0.911	 0.952	 0.955	 0.939	

MLP	 0.936	 0.954	 0.961	 0.95	

	

Table	4.8	results	indicate	an	increase	in	the	initial	performance	of	the	classifier	after	

being	trained	on	the	simulated	dataset.	The	simulated	dataset	achieved	13%,	14%	and	

8%	 higher	mean	 accuracy	 compared	 to	 the	 original	 dataset	 for	 KNN,	 RF	 and	MLP	
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classifiers	respectively.	This	helps	boosting	the	formulation	generation	accuracy	at	the	

beginning	of	 the	production	as	 it	has	been	trained	with	more	observations	than	the	

original	 dataset.	 Additionally,	 this	 allows	 splitting	 the	 dataset	 into	 training	 and	

validation	sets	 throughout	chapter	5	and	minimise	 loss	of	 information	to	perform	a	

more	reliable	evaluation.	

The	next	task	evaluates	the	performance	of	the	models	trained	on	one	dataset	when	

predicting	the	base	values	in	the	other	unseen	dataset.	MLP	has	been	selected	for	this	

comparison	task	as	it	has	achieved	the	highest	accuracy	in	previous	task.	The	confusion	

matrices	for	the	three	bases	have	been	calculated	and	precision,	recall	and	F1	scores	

are	calculated	based	and	presented	in	Table	4.9.	

	
Table	4.9.	Precision	recall	and	F1	score	compared	when	training	the	MLP	classifier	on	simulated	dataset	and	testing	
on	the	original	dataset	or	training	the	MLP	classifier	on	original	dataset	and	testing	on	the	simulated	dataset.	

	 Trained	on	original	

Tested	on	simulated	

Trained	on	simulated	

Tested	on	original	

Bases	 Class	 Samples	 Precision	 Recall	 F1	 Samples	 Precision	 Recall	 F1	

Base	0	 Class	0	 3850	 0.93	 0.78	 0.85	 92	 0.97	 0.99	 0.98	

Class	1	 1598	 0.68	 0.74	 0.71	 29	 0.89	 0.83	 0.86	

Class	2	 38	 0.06	 0.82	 0.11	 3	 0.33	 0.33	 0.33	

Weighted	

Average	

5486	 0.85	 0.77	 0.80	 124	 0.93	 0.94	 0.93	

Base	1	 Class	0	 4974	 0.95	 0.98	 0.96	 94	 0.95	 0.95	 0.95	

Class	1	 512	 0.67	 0.48	 0.56	 30	 0.83	 0.83	 0.83	

Weighted	

Average	

5486	 0.92	 0.93	 0.92	 124	 0.92	 0.92	 0.92	

Base	2	 Class	0	 4974	 0.94	 0.96	 0.95	 94	 0.94	 1.00	 0.97	

Class	1	 512	 0.55	 0.43	 0.48	 30	 1.00	 0.80	 0.89	

Weighted	

Average	

5486	 0.91	 0.91	 0.91	 124	 0.95	 0.95	 0.95	

	

Table	4.9	 shows	 that	 the	 simulated	dataset	 is	 able	 to	 generalise	better	utilising	 the	

additional	number	of	observations.	This	model	is	able	to	achieve	a	better	precision	and	

recall,	hence	a	better	F1	score,	when	classifying	unseen	observations	 in	the	original	

dataset.	On	the	other	hand,	the	MLP	trained	on	the	original	dataset	could	not	generalise	

as	 well,	 especially	 for	 base	 0	 which	 is	 a	 three-class	 problem.	 The	 main	 reason	 is	

overfitting	on	 the	 small	number	of	 observations	 in	 the	original	dataset.	The	 results	
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show	that	 the	F1	score	of	 the	model	 trained	on	 the	simulated	dataset	 is	up	 to	13%	

higher	 than	 the	model	 trained	 on	 the	 original	 dataset	 i.e.	 there	 are	more	 correctly	

identified	true	positive	instances	by	the	model	simulated	dataset	than	there	are	in	the	

model	trained	on	the	original	dataset.	

The	results	suggest	that	expanding	the	dataset	for	the	initial	training	of	the	core	model	

of	the	AFPSP	results	in	more	precise	classifications	with	higher	number	of	true	positive	

instances	and	a	higher	recall.		

The	additional	observations	also	help	with	evaluating	the	different	units	of	the	AFPSP	

more	accurately	as	splitting	the	data	will	result	in	less	information	loss.	This	ensures	

that	 the	 performance	 of	 the	 units	 under	 tests	 are	 as	 close	 as	 possible	 to	 the	 initial	

performance	 (before	 adaptation)	 of	 the	 system	 being	 tested	 in	 real-time	 while	

operational.	
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4.10 Summary	and	conclusions	
This	study	aims	to	develop	and	evaluate	a	framework	for	producing	personalised	skin-

care	products	while	 adapting	 to	 patient’s	 requirements	 and	 improving	 on	 accuracy	

over	 time.	 AFPSP	 enables	 producing	 skin-care	 products	 without	 supervision	 of	 an	

expert	 after	 the	 initialisation	 and	while	 system	 is	 operational.	 However,	 the	 initial	

training	of	the	core	model	of	this	framework	requires	expert	supervision	and	training	

dataset.	This	chapter	introduced	the	dataset	and	an	expert	formulation	generator	that	

are	used	as	initial	training	set	and	supervisor	for	the	ML	models	in	the	AFPSP.		

This	chapter	provided	a	summary	of	the	skin	measurements	involved	in	the	work	and	

their	 sampling	 them	 from	 human	 skin.	 Then	 the	 limitations	 of	 this	 dataset	 were	

discussed	and	solutions	 to	resolve	these	 limitations,	 including	data	expansion,	were	

described.	

The	 chapter	 assessed	 dimensionality	 reduction	 using	 PCA.	 However,	 the	 PCA	 was	

unable	to	represent	the	full	dataset	variance	in	a	lower	dimensional	space	due	to	low	

linear	measurement	interrelations	and	non-Gaussian	distribution	of	the	measurement	

values.	 This	 test	 demonstrated	 that	 using	 MLAs	 to	 map	 the	 complex	 non-linear	

relations	between	the	variables	of	the	dataset	is	likely	to	achieve	more	accurate	results	

than	linear	techniques.	

This	chapter	also	demonstrated	the	process	of	upscaling	and	expansion	of	this	dataset	

using	the	technique	proposed	Table	3.3.	Prior	to	upscaling,	original	dataset’s	PCIs	were	

used	to	create	clusters	of	observations	with	similar	characteristics.	The	reason	was	to	

preserve	 the	 distribution	 of	 patients	 in	 the	 dataset	 and	 to	 maintain	 the	 original	

covariances	in	these	clusters.	After	cluster	expansion	a	simulated	dataset	of	artificial	

skin-measurements	was	created	by	combining	the	expanded	clusters.	

The	statistical	tests	on	both	the	simulated	and	original	datasets	showed	that	similar	

variable	correlations	with	a	negligible	difference,	indicating	that	the	simulated	dataset	

was	representative	of	the	original	dataset	and	the	medical	trial.	

The	expert	formulation	generator	(EFG)	was	also	introduced	as	the	expert	system	used	

to	 generate	 initial	 limited	 personalised	 skin-care	 for	 the	 simulated	 dataset	 of	 skin-

measurements.	The	possibility	of	using	intermediate	features	generated	by	the	EFG	as	

additional	features	was	discussed.	These	intermediate	features	were	generated	prior	

to	 generation	 of	 the	 personalised	 formulations	 by	 the	 EFG.	 The	 aim	was	 to	 enrich	

original	 features	 of	 the	 dataset	 and	 increase	 the	 precision	 of	 the	 generated	
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formulations	by	an	MLA.	However,	there	is	a	trade-off	between	the	cost	of	acquiring	

such	intermediate	features	from	an	expert	and	the	precision	of	the	algorithms.	

Finally,	 a	 task	 was	 designed	 to	 benchmark	 the	 simulated	 and	 original	 datasets	

performance	when	used	 as	 training	 sets	 for	 a	 classification	 task.	 Three	MLAs	were	

compared	 to	 predict	 the	 three	 base	 ingredients	 in	 both	 datasets.	 Additional	

observations	in	the	simulated	dataset	enabled	the	MLAs	trained	on	this	dataset	achieve	

a	 higher	 accuracy.	 This	 test	 was	 evaluated	 by	 leave-one-out	 cross	 validation.	 The	

classification	 benchmark	 showed	 that	 the	 initial	 performance	 of	 the	 AFPSP	 was	

increased	when	using	the	simulated	dataset	as	initial	training	set.		

Furthermore,	MLAs	were	 trained	 separately	on	both	datasets	 and	evaluated	on	 the	

other	unseen	dataset.	The	simulated	dataset	achieved	a	higher	classification	accuracy	

with	increased	number	of	true	positive	instances	and	a	higher	recall	when	predicting	

unseen	observations	in	the	original	dataset.		

As	 discussed	 in	 chapter	 3,	 the	 core	 model	 of	 the	 proposed	 AFPSP	 links	 the	 skin	

measurements	 and	 skin-care	 ingredients	 of	 the	 personalised	 skincare	 formulations	

generated	by	the	expert	formulation	generator	(EFG)	described	in	this	chapter.	Unlike	

EFG,	the	system	built	under	the	proposed	AFPSP	has	more	flexibility	in	regard	to	the	

predictor	 diversity	 and	 types.	 Hence	 it	 should	 enable	 the	 system	 to	 generate	

personalised	 formulations	 even	 for	 unseen	 skin	measurements	 with	 an	 acceptable	

accuracy.	 Since	 the	 EFG	 was	 developed	 to	 produce	 personalised	 skin-care	 for	 the	

elderly	population	suffering	from	certain	types	of	disease	and	skin	conditions,	it	is	less	

reliable	on	unseen	skin-profiles	or	different	skin	conditions.		

The	 EFG	 produces	 3	 bases	 that	 take	 discrete	 values.	 These	 values	 represent	 the	

concentration	 of	 the	water	 in	 the	 base	 of	 each	 product.	 Thus,	 to	 predict	 the	 bases’	

values	a	classification	machine	learning	algorithm	is	required.	The	actives	on	the	other	

hand	 get	 continuous	 values	 and	 to	 predict	 them,	 a	 regression	 machine	 learning	

algorithm	is	required.		

In	 the	 next	 chapter,	 the	 effects	 of	 using	 either	 physical	 or	 biochemical	 skin	

measurements	as	predictors	of	the	model	on	the	accuracy	of	produced	formulations	

are	evaluated.	Additionally,	the	impact	of	the	intermediate	features	extracted	by	the	

EFG	will	be	 studied	on	 the	performance	of	 the	core	ML	model.	As	 the	AFPSP	 is	not	

specific	 to	 this	 case	 study’s	 dataset,	 the	 impact	 of	 individual	measurements	 on	 the	

performance	 of	 the	 models	 will	 not	 be	 studied	 as	 the	 measurements	 may	 vary	 in	

different	datasets.	 	
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5.1 Introduction	
Chapter	5	evaluates	the	methodology	and	novel	techniques	introduced	in	chapter	3.		

Evaluation	is	an	essential	stage	to	achieve	the	goal	of	this	study,	i.e.	development	of	a	

scalable	 framework	for	adaptive,	automated	and	flexible	production	of	personalised	

skin-care.	AFPSP	aims	at	unification	of	the	approaches	for	building	flexible	production	

systems	 for	 personalised	 skin-care	 and	 to	 rectify	 the	 limitations	 of	 the	 existing	

approaches	and	techniques	reviewed	in	the	previous	chapters.		

The	simulated	dataset,	generated	in	chapter	4,	is	used	for	evaluation	of	the	AFPSP	while	

EFG	is	used	to	benchmark	the	results.	Hence	EFG	formulations	are	the	base	 line	 for	

comparison	of	 the	results	of	 the	 task	groups	 in	 this	chapter.	After	evaluation	of	 the	

framework	modules,	the	advantages	of	the	AFPSP	over	the	EFG	are	discussed.	

The	evaluation	process	in	this	chapter	is	divided	into	3	task	groups.	These	task	groups	

are	 designed	 to	 assess	 the	 proposed	 framework	 and	 techniques	 following	 the	 flow	

charts	in	Figure	3.7,	Figure	3.11	and	Figure	3.12.		

In	addition	to	validating	the	AFPSP	and	IFLLAI,	the	significance	of	variables,	impact	of	

intermediate	features	and	feature	reduction	are	discussed	in	this	chapter.	As	explained	

in	 chapter	 4,	 intermediate	 features	 generated	 by	 the	 EFG	 are	 considered	 as	

representatives	of	the	expert	knowledge	extracted	from	the	data,	hence	the	impact	of	

them	on	the	learning	rate	of	the	models	built	is	assessed	in	this	chapter.		

Task	group	1	aims	to	find	the	optimal	MLA	and	modelling	strategy	for	the	core	model	

and	batch	customiser	models	used	in	AFPSP.	The	core	ML	model	of	the	CFU	is	trained	

on	 the	 simulated	 dataset	 following	 the	 AFPSP	 production-ready	 development	

procedure	in	this	task	group.	

Task	group	2	aims	at	comparing	direct	implementation	of	the	feedback	in	the	CFU	with	

the	proposed	IFLLAI.	This	task	group	selects	an	MLA	for	the	batch	customiser	model	

and	evaluates	the	performance	of	the	AU	with	and	without	using	the	proposed	patient	

classifier	unit	and	its	profile	matcher	sub-unit.	Then	it	establishes	the	performance	of	

the	AU	for	further	personalisation	of	the	skin-care	formulations	for	the	unseen	patients	

using	 their	 feedback.	 Finally,	 the	 gained	 knowledge	 by	 the	 batch	 customiser	 is	

transferred	 to	 the	 CFU	 and	 the	 performance	 of	 the	 core	 model	 before	 and	 after	

incremental	learning	over	this	new	knowledge	is	analysed.	

Task	group	3	divides	the	simulated	dataset’s	features	into	different	categories	of	skin	

measurements	(feature	sets)	and	assesses	its	impact	on	the	performance	of	the	CFU	

and	AU.	The	initial	formulation	accuracy	of	the	core	model	and	the	learning	rate	of	the	
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batch	customiser	model	are	compared	for	all	feature	sets	in	this	task	group.	This	task	

group	 aims	 at	 evaluating	 the	 ability	 of	 the	AFPSP	 to	 use	 a	 reduced	number	 of	 skin	

measurements	as	predictors.	This	is	to	decrease	the	costs	of	skin	sampling	and	analysis	

of	 the	 biochemical	 skin-measurement.	 Additionally,	 the	 impact	 of	 combining	

intermediate	 features	 with	 these	 feature	 sets	 on	 the	 accuracy	 of	 the	 produced	

formulations	is	studied.	

	

5.2 Training	and	evaluation	datasets	
A	simulated	dataset	of	artificial	skin-measurements	was	generated	based	on	a	smaller	

dataset	 of	 skin-care	 measurement	 in	 chapter	 4.	 This	 dataset,	 which	 is	 used	 for	

framework	evaluation	throughout	in	this	chapter	is	structured	for	supervised	learning	

as	follows:	

Predictors:	5486	observations	including	9	physical	skin-measurements,	5	biochemical	

skin-measurements	and	5	randomly	filled	personal	preferences	for	the	fragrances	and	

product	concentration	as	features.		

Target	variables:	5486	personalised	skin-care	 formulations	produced	by	 the	EFG	as	

explained	in	chapter	4	for	the	predictors	above.	Each	formulation	consists	of	3	discrete	

bases	(water	concentration	for	the	product)	and	25	continuous	active,	fragrance	and	

preservative	ingredients.		

Extra	predictors:	5486	intermediate	feature	sets,	consisting	of	5	variables,	generated	

by	 the	 EFG	 from	 the	 skin-measurements	 in	 process	 of	 generating	 the	 personalized	

skin-care	formulations	for	the	simulated	dataset.	

The	 structure	 of	 the	 predictors	 and	 target	 variables	 of	 the	 simulated	 dataset	 is	

illustrated	in	Figure	5.1.	
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Figure	5.1.	Predictors	and	target	variables	of	the	expanded	dataset	of	simulated	skin-measurements.	

The	simulated	dataset	is	suitable	for	multi-target	supervised-learning,	i.e.	the	dataset	

fulfils	the	following	criteria:	

• Multiple	predictors	and	multiple	targets	for	bases	and	actives.	

• Input	and	target	attributes	can	be	either	discrete	or	continuous	numeric	values.		

• The	type	of	target	attributes	determines	the	type	of	supervised	learning	task,	

i.e.	 discrete	 target	 attributes	 form	 a	 classification	 task	 and	 continues	 values	

require	form	a	regression	task.	

	

In	addition	to	dealing	with	the	redundant	and	missing	data	in	the	datasets	during	the	

pre-processing	stage,	the	predictor	and	target	variables	of	the	dataset	are	normalised	

and	 transformed	 into	a	scalar	value	between	0	and	1	 individually,	 resulting	 in	each	

variable	having	at	least	one	maximum	value	of	1	and	minimum	value	of	0.	This	is	an	

important	 step	 to	 equally	 distribute	 importance	 of	 each	 variable	 for	 an	 MLA,	

specifically	for	ANNs.	

	

5.3 Task	groups	Setup	
Three	task	groups	are	designed	to	validate	the	methods	and	techniques	introduced	in	

this	 thesis	 including	 the	 modules	 of	 the	 AFPSP.	 These	 task	 groups	 are	 carefully	

designed	to	accomplish	the	following	objectives:	
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1. Achieve	a	quantitative	understanding	of	the	performance	of	the	different	modelling	

strategies	for	multi-target	supervised	learning	on	the	dermatological	datasets.	

2. Compare	 the	 accuracy	 (model	 fit)	 of	 different	 MLAs	 when	 finding	 the	 relation	

between	skin-profiles	and	personalised	skin-care	formulations,	especially	the	deep	

learning	technique.	

3. Evaluate	the	proposed	techniques	and	framework,	i.e.	CFU	and	AU	as	well	as	the	

AFPSP	 as	 a	 whole,	 to	 prove	 adaptability	 of	 the	 framework	 to	 the	 patients’	

requirements.	

4. Evaluate	the	novel	patient	feedback	integration	technique	IFLLAI.	

5. Study	the	impact	of	transfer	learning	from	AU	to	CFU	and	vice	versa.	

	

The	summary	of	the	task	groups	from	AFPSP	evaluation	perspective	is	the	following:	

• Task	group	1	 involves	 finding	 the	optimal	 learning	strategy	and	MLA	 for	 the	

AFPSP	modules	when	algorithms	try	to	develop	their	hypothesis	by	observing	

the	instances	in	the	simulated	dataset.	

• Task	group	2	involves	evaluation	of	the	production-ready	and	self-adaptation	

modules	of	the	framework.	Transfer	learning	between	the	two	modules	is	also	

discussed	in	this	chapter.	

• Task	 group	 3	 assesses	 the	 impact	 of	 the	 intermediate	 features	 and	 feature	

reduction	on	the	learning	rate	of	the	model	involved	in	the	adaptation	unit	of	

AFPSP.		

	

The	 combination	 of	 continuous	 target	 variables,	 i.e.	 actives,	 fragrances	 and	

preservatives	in	the	dataset	are	referred	to	as	actives	in	all	task	groups	in	this	chapter	

for	simplicity.	

All	models	were	trained	on	a	machine	with	2.9	GHz	quad	core,	Intel	core	i7	CPU	and	16	

GB	of	DDR3	RAM.	The	task	groups	were	performed	by	the	scripts	written	in	Anaconda	

(Continuum	Analytics,	2016)	distribution	of	Python	3.5	(Python	Software	Foundation,	

2016).	 The	 deep	 learning	 models	 are	 developed	 using	 the	 python	 library	 Keras	

(Chollet,	2015).		
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5.4 Task	group	1:	The	optimal	learning	strategy	and	algorithm	
Considering	the	types	and	characteristics	of	the	ingredients	of	the	personalised	skin-

care	 formulations	 in	 this	 case	 study,	 the	core	model	of	 the	AFPSP	should	consist	of	

separate	ML	models	for	the	bases	and	actives.	A	classification	model	for	predicting	the	

concentration	of	the	3	discrete-value	bases	and	a	regression	model	for	predicting	the	

values	 for	 the	 25	 continuous-value	 active	 ingredients	 for	 each	 formulation	 are	

required.	Having	multiple	target	variables	for	both	bases	and	actives,	the	two	following	

task	groups	for	training	the	MLAs	for	the	supervised	learning	tasks	are	considered:	

	

• Stacked	 multivariate	 input	 single-output:	 Building	 a	 distinct	 classification	 or	

regression	 MISO	 model	 for	 each	 ingredient,	 using	 the	 skin	 measurements	 as	

predictors	 and	 each	 single	 ingredient	 as	 target.	 The	 task	 is	 repeated	 for	 each	

ingredient	 of	 the	 skin-care	 formulations	 and	 MISO	 models	 are	 stacked	 in	 this	

method.	The	number	of	MISOs	built	by	this	approach	are	equal	to	the	number	of	

target	ingredients	of	the	formulations,	i.e.	28.	This	approach	mainly	suits	the	bases	

as	they	are	independent	of	each	other.	

	

• Multivariate	input	multi-output:	Building	a	MIMO	regression	model	for	predicting	

the	actives.	This	model	predicts	all	active	 ingredients	 in	 the	 formulations	at	one	

stage.	This	approach	is	able	to	map	the	complex	inter-relations	among	the	active	

ingredients	for	each	formulation.		

	

Both	 conventional	 MLAs	 and	 ANNs	 are	 good	 candidates	 for	 the	 MISO	 strategy.	

However,	feedforward	ANNs	specifically	the	MLP	are	preferred	for	the	MIMO	models,	

following	 the	discussion	 in	 chapter	2	and	chapter	3.	Proposed	architectures	 for	 the	

MLP	were	proposed	in	Figure	2.6,	Figure	2.7,	Figure	2.8.		

An	overview	of	the	two	different	strategies	considered	for	this	task	group	is	illustrated	

in	Figure	5.2.		
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Figure	5.2.	MISO	and	MIMO	strategies	for	the	models	built	in	task	group	1.	The	number	of	skin	measurements	and	
ingredients	can	vary	depending	on	the	number	of	predictors	and	target	ingredients.	In	MISO	strategy	the	number	
of	models	built	are	equal	to	the	number	of	target	variables.	In	MIMO	one	model	produces	all	target	variables	at	once	
for	each	task.	

5.4.1 Algorithm	selection	
Initially	12	MLAs	were	selected	from	the	nine	core	families	of	the	state-of-the-art	MLAs,	

for	benchmarking	and	performance	comparison.	Most	algorithms	are	proven	effective,	

accurate	and	fast	in	similar	tasks	as	discussed	in	chapters	1	and	2.	Some	algorithms	are	

limited	 to	either	 classification	or	 regression,	while	 the	 rest	 can	perform	both	 tasks.	

Hence	the	list	of	candidate	algorithms	for	the	classification	and	regression	tasks	are	

not	 identical	 for	predicting	bases	 and	actives	 in	 the	personalised	 formulations.	The	

algorithms	are	imported	from	the	“SCIKIT-Learn”	library.	Table	5.1	presents	the	list	of	

these	candidate	algorithms.	
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Table	5.1.	Algorithms	used	for	ML	benchmarking	over	the	classification	tasks,	regression	tasks	or	both	throughout	
the	quantitative	task	groups.	

Algorithm	 Family	 Classification/Regression	

Logistic	Regression	(LR)	 Generalized	Linear	Models	 Classification	

Ridge	 Generalized	Linear	Models	 Regression	

Linear	Discriminant	Analysis	(LDA)	 Discriminant	Analysis	 Classification	

Quadratic	Discriminant	Analysis	(QDA)	 Discriminant	Analysis	 Classification	

K	Nearest	Neighbour	(KNN)	 Nearest	Neighbours	 Both	

Classification	and	Regression	Trees	(CART)	 Decision	Trees	 Both	

Gaussian	Naïve	Bayes	(GNB)	 Naïve	Bayes	 Classification	

Support	Vector	Machine	(SVM)	 Support	Vector	Machines	 Both	

ADABOOST	 Ensemble	-	Boosting	 Both	

Random	Forest	(RF)	 Ensemble	-	Bagging	 Both	

Extremely	Randomised	Trees	(EXTREE)	 Ensemble	-	Bagging	 Both	

Deep	Multilayer	Perceptron	(MLP)	 Deep	Artificial	Neural	Networks	 Both	

	

5.4.2 Training	and	validation	sets	
A	dataset	for	training	the	MLAs	and	a	dataset	for	evaluation	of	their	fit	are	extracted	

from	the	simulated	dataset	prior	to	training	the	models.	Both	datasets	have	the	same	

number	of	predictors	and	target	variables	i.e.	19	predictors	and	28	target	variables.		

In	this	task	group	k-fold	stratified	cross	validation	is	chosen	for	creating	the	training	

and	evaluation	sets	from	the	simulated	dataset.	Cross	validation	is	repeated	for	each	

MLA	and	 finally	 compared.	𝑘 = 	10	 is	 chosen	 for	k-fold	 cross	validation	 in	 this	 task	

group.		

	

5.4.3 Results	
The	 results	 of	 the	 candidate	 algorithms	 benchmarking	 for	 the	 classification	 and	

regression	tasks	using	MIMO	and	MISO	strategies	are	presented	 in	this	section.	The	

accuracy	metric	for	classification	and	MSE	for	regression	tasks	are	chosen	in	all	tests.		

The	 classifier	 and	 regressor	 models	 are	 compared	 separately	 using	 the	 MLAs	

introduced	in	Table	5.1.	The	most	accurate	regression	model	fit	using	the	stacked	MISO	

strategy	is	then	compared	to	the	most	accurate	model	fit	by	the	MIMO	strategy.	

	

5.4.3.1 MISO	Classification	
Eleven	 algorithms	 capable	 of	 classification	 are	 selected	 from	Table	 5.1	 to	 build	 the	

classification	 models	 for	 predicting	 the	 bases	 of	 the	 personalised	 skin-care	

formulations.	
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All	algorithms	are	initialised	with	default	hyperparameters	except	for	MLP.	The	MLP	

architecture	and	parameters	follows	the	algorithm	settings	in	Table	4.7.	

The	classification	accuracy	of	the	10	folds	is	calculated	during	the	cross-validation	for	

the	3	 individual	bases	and	 it	 is	presented	 in	Table	5.2,	Table	5.3	and	Table	5.4.	The	

mean	and	standard	deviation	of	the	cross-validation	folds	is	also	calculated	for	MLA	

comparison.	

	
Table	5.2.	Base	0	MISO	classification	accuracy	comparison	using	the	candidate	algorithms.	

Algorithm	 fold0	 fold1	 fold2	 fold3	 fold4	 fold5	 fold6	 fold7	 fold8	 fold9	 Mean	

Acc	

STD	

Acc	

LR	 0.838	 0.885	 0.903	 0.967	 0.898	 0.672	 0.954	 0.86	 0.903	 0.932	 0.881	 0.083	

LDA	 0.872	 0.898	 0.849	 0.942	 0.754	 0.607	 0.856	 0.825	 0.832	 0.848	 0.828	 0.092	

KNN	 0.794	 0.747	 0.831	 0.843	 0.763	 0.738	 0.831	 0.823	 0.846	 0.91	 0.813	 0.053	

CART	 0.774	 0.818	 0.851	 0.743	 0.77	 0.678	 0.825	 0.783	 0.848	 0.863	 0.795	 0.057	

NB	 0.801	 0.729	 0.727	 0.914	 0.836	 0.816	 0.818	 0.729	 0.684	 0.662	 0.772	 0.078	

ADABOOST	 0.719	 0.745	 0.791	 0.583	 0.736	 0.692	 0.665	 0.863	 0.814	 0.814	 0.742	 0.083	

QDA	 0.007	 0.738	 0.679	 0.911	 0.648	 0.166	 0.65	 0.709	 0.711	 0.828	 0.605	 0.287	

SVM	 0.701	 0.701	 0.701	 0.701	 0.701	 0.701	 0.701	 0.701	 0.704	 0.704	 0.702	 0.001	

RF	 0.791	 0.77	 0.867	 0.778	 0.801	 0.692	 0.889	 0.761	 0.815	 0.89	 0.806	 0.062	

EXTREE	 0.758	 0.75	 0.729	 0.752	 0.628	 0.57	 0.541	 0.681	 0.81	 0.903	 0.712	 0.11	

MLP	 0.842	 0.909	 0.893	 0.956	 0.838	 0.887	 0.938	 0.876	 0.865	 0.929	 0.893	 0.04	

	
Table	5.3.	Base	1	MISO	classification	accuracy	comparison	using	the	candidate	algorithms.	

Algorithm	 fold0	 fold1	 fold2	 fold3	 fold4	 fold5	 fold6	 fold7	 fold8	 fold9	 Mean	

Acc	

STD	

Acc	

LR	 0.913	 0.925	 0.923	 0.971	 0.976	 0.954	 0.951	 0.945	 0.83	 0.536	 0.893	 0.132	

LDA	 0.951	 0.942	 0.944	 0.962	 0.962	 0.922	 0.971	 0.931	 0.876	 0.372	 0.883	 0.182	

KNN	 0.909	 0.878	 0.929	 0.934	 0.931	 0.938	 0.938	 0.943	 0.9	 0.653	 0.895	 0.088	

CART	 0.802	 0.864	 0.922	 0.951	 0.947	 0.94	 0.96	 0.9	 0.845	 0.223	 0.835	 0.221	

NB	 0.905	 0.905	 0.947	 0.993	 0.989	 1	 0.998	 0.748	 0.332	 0.188	 0.801	 0.297	

ADABOOST	 0.955	 0.944	 0.964	 0.964	 0.978	 0.947	 0.967	 0.953	 0.925	 0.588	 0.918	 0.117	

QDA	 0.909	 0.929	 0.858	 0.989	 1	 0.995	 0.993	 0.85	 0.693	 0.23	 0.845	 0.236	

SVM	 0.905	 0.905	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.001	

RF	 0.925	 0.933	 0.929	 0.931	 0.943	 0.918	 0.958	 0.942	 0.918	 0.234	 0.863	 0.222	

EXTREE	 0.911	 0.915	 0.911	 0.925	 0.936	 0.92	 0.947	 0.741	 0.777	 0.144	 0.813	 0.245	

MLP	 0.909	 0.909	 0.911	 0.962	 0.953	 0.956	 0.993	 0.973	 0.954	 0.453	 0.897	 0.159	
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Table	5.4.	Base	2	MISO	classification	accuracy	comparison	using	the	candidate	algorithms.	

Algorithm	 fold0	 fold1	 fold2	 fold3	 fold4	 fold5	 fold6	 fold7	 fold8	 fold9	 Mean	

Acc	

STD	

Acc	

LR	 0.916	 0.925	 0.923	 0.971	 0.976	 0.954	 0.953	 0.942	 0.823	 0.536	 0.892	 0.132	

LDA	 0.951	 0.942	 0.944	 0.962	 0.962	 0.922	 0.971	 0.931	 0.876	 0.372	 0.883	 0.182	

KNN	 0.909	 0.878	 0.929	 0.934	 0.931	 0.938	 0.938	 0.943	 0.9	 0.653	 0.895	 0.088	

CART	 0.802	 0.864	 0.922	 0.951	 0.947	 0.94	 0.96	 0.9	 0.845	 0.223	 0.835	 0.221	

NB	 0.905	 0.905	 0.947	 0.993	 0.989	 1	 0.998	 0.748	 0.332	 0.188	 0.801	 0.297	

ADABOOST	 0.955	 0.944	 0.964	 0.964	 0.978	 0.947	 0.967	 0.953	 0.925	 0.588	 0.918	 0.117	

QDA	 0.909	 0.929	 0.858	 0.989	 1	 0.995	 0.993	 0.85	 0.693	 0.23	 0.845	 0.236	

SVM	 0.905	 0.905	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.907	 0.001	

RF	 0.942	 0.945	 0.934	 0.949	 0.958	 0.927	 0.969	 0.932	 0.876	 0.204	 0.864	 0.233	

EXTREE	 0.916	 0.925	 0.913	 0.94	 0.945	 0.932	 0.954	 0.604	 0.693	 0.131	 0.796	 0.263	

MLP	 0.909	 0.905	 0.913	 0.967	 0.967	 0.949	 0.953	 0.956	 0.942	 0.458	 0.892	 0.154	

	

The	box	and	whisker	diagram	in	Figure	5.3	illustrates	the	distribution	of	the	10	folds	

during	cross	validation	for	the	three	bases.	In	this	figure	the	green	triangle	represents	

the	mean	and	the	yellow	line	illustrates	the	median	of	the	accuracy	of	the	folds.	

	
Figure	5.3.	MLA	classification	accuracy	comparison	by	MISO	strategy	for	the	three	bases	of	the	personalised	skin-
care	formulations.	



 

	

160 

The	results	for	the	MISO	classification	tasks	show	the	dominance	of	Adaboost	for	the	

binary	classification	in	base	1	and	base	2.	However,	the	MLP	achieved	the	highest	mean	

accuracy	on	more	complex	classification	for	base	0.	Also,	MLP	was	able	to	achieve	a	

comparable	accuracy	to	the	Adaboost	for	the	two	other	bases.	

In	addition	 to	 the	 individual	 task	results,	mean	accuracy	among	all	models	built	 for	

classifying	the	3	bases	is	calculated	and	presented	in	Table	5.5.			

	
Table	5.5.	Classification	accuracy	comparison	for	the	three	bases	of	the	personalised	skin-care	formulations.	

Algorithm	 Base	0	Acc	 Base	1	Acc	 Base	2	Acc	 Mean	Acc	

LR	 0.881	 0.893	 0.892	 0.889	

LDA	 0.828	 0.883	 0.883	 0.865	

KNN	 0.813	 0.895	 0.895	 0.868	

CART	 0.795	 0.835	 0.835	 0.822	

NB	 0.772	 0.801	 0.801	 0.791	

ADABOOST	 0.742	 0.918	 0.918	 0.86	

QDA	 0.605	 0.845	 0.845	 0.765	

SVM	 0.702	 0.907	 0.907	 0.838	

RF	 0.806	 0.863	 0.864	 0.844	

EXTREE	 0.712	 0.813	 0.796	 0.773	

MLP	 0.893	 0.897	 0.892	 0.894	

	

The	results	show	a	higher	accuracy	for	the	classification	of	base	1	and	2.	Despite	the	

base	1	and	2	that	are	binary	classification	problems,	base	0	is	a	multi-class	problem.	

Hence,	 prediction	 of	 base	0	 is	 the	most	 challenging	 among	 the	 three.	However,	 the	

classification	 task	 for	base	prediction	 is	generally	performed	with	high	accuracy	by	

most	of	the	selected	MLAs.		

The	 highest	 average	 accuracy	 of	 89.4%	 was	 achieved	 by	 the	 deep	 MLP,	 which	 is	

acceptable	 considering	 the	 number	 of	 observations	 for	 training	 and	 testing.	 This	

accuracy	indicates	that	in	average,	only	in	10.6%	or	55	out	of	550	formulations,	the	

bases	were	wrongly	predicted	by	this	algorithm.	Although	an	increase	in	the	accuracy	

is	expected	when	new	patient’s	skin-profiles	are	introduced	to	the	system	during	live	

operation	of	this	system.	
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5.4.3.2 MISO	Regression	
To	build	the	regression	model	for	the	personalised	skin-care	formulations	using	the	

MISO	strategy,	RIDGE,	KNN,	CART,	SVM,	ADABOOST,	RF,	EXTREE,	MLP	are	selected	

from	Table	5.1.	All	algorithms	are	initialised	with	default	hyperparameters	except	for	

MLP	that	follows	the	architecture	and	parameters	in	Table	4.7.	

The	regression	MSE	over	10	cross	validation	 folds	 is	 calculated	 for	25	models	after	

predicting	25	individual	actives.	The	results	are	presented	in	Table	5.6.	Additionally,	

the	MSE	per	complete	active	set	is	calculated	and	presented	in	this	table	for	each	MLA	

for	easier	comparison	of	the	strategies.	The	tables	containing	10-fold	cross	validation	

results	for	individual	active	ingredients	are	also	provided	in	appendix	1.	

	
Table	 5.6.	 MSE	 comparison	 for	 selected	 regression	 algorithms	 using	MISO	 strategy.	 The	MSE	 for	 each	MLA	 is	
calcualted	per	active.	The	MSE	per	algorithm	is	also	presented	in	this	table.	

Ingredient	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

Active	1	 0.0999	 0.0674	 0.0341	 0.0341	 0.0445	 0.0177	 0.0136	 0.0168	

Active	2	 0.1306	 0.0798	 0.0126	 0.0126	 0.0966	 0.0067	 0.0081	 0.0349	

Active	3	 0.077	 0.0253	 0	 0	 0.0544	 0	 0	 0.0032	

Active	4	 0.2152	 0.0083	 0	 0	 0.2611	 0.0096	 0	 0	

Active	5	 0.2039	 0.0114	 0.0478	 0.0604	 0.1712	 0.0554	 0.0107	 0.0093	

Active	6	 0.056	 0.0062	 0.0215	 0.0215	 0.0333	 0.0078	 0.0034	 0.0087	

Active	7	 0.2363	 0.0795	 0.0129	 0.0723	 0.2787	 0.0167	 0.0112	 0.145	

Active	8	 0.059	 0.0095	 0	 0	 0.038	 0	 0.0056	 0.0772	

Active	9	 0.0705	 0.0886	 0.1363	 0.1244	 0.0673	 0.0745	 0.0658	 0.0043	

Active	10	 0.0631	 0.0885	 0.1339	 0.1306	 0.0642	 0.0721	 0.0741	 0.0044	

Active	11	 0.002	 0.0019	 0.0055	 0.002	 0.0032	 0.0022	 0.002	 0.0019	

Active	12	 0.0156	 0.0123	 0.0225	 0.013	 0.0133	 0.0117	 0.0109	 0.0041	

Active	13	 0.0303	 0.0264	 0.041	 0.0343	 0.0264	 0.0226	 0.0238	 0.006	

Active	14	 0.001	 0.001	 0.0013	 0.0011	 0.0024	 0.0012	 0.0011	 0.001	

Active	15	 0.0414	 0.0494	 0.0679	 0.0784	 0.0377	 0.0364	 0.0355	 0.0066	

Active	16	 0.0336	 0.0491	 0.0734	 0.0911	 0.0316	 0.0422	 0.0426	 0.0042	

Active	17	 0.0592	 0.0579	 0.1083	 0.0662	 0.0612	 0.0528	 0.0525	 0.0175	

Active	18	 0.0276	 0.0471	 0.078	 0.0798	 0.0273	 0.0398	 0.0435	 0.005	

Active	19	 0.0585	 0.0557	 0.1193	 0.0615	 0.0595	 0.0483	 0.0507	 0.0135	

Active	20	 0.005	 0.0039	 0.0044	 0.005	 0.0046	 0.0032	 0.0031	 0	

Active	21	 0.0607	 0.0566	 0.1154	 0.0683	 0.0611	 0.0488	 0.0492	 0.0232	

Active	22	 0.005	 0.0042	 0.0047	 0.0057	 0.0051	 0.0037	 0.0034	 0.0012	

Active	23	 0.005	 0.0042	 0.0049	 0.0063	 0.0051	 0.0037	 0.0036	 0.0012	

Active	24	 0.0076	 0.007	 0.0102	 0.007	 0.0076	 0.0069	 0.0064	 0.0046	

Active	25	 0.0114	 0.0119	 0.0259	 0.0176	 0.0176	 0.0122	 0.0122	 0.0129	

Mean	 0.063	 0.0341	 0.0433	 0.0397	 0.0589	 0.0238	 0.0213	 0.0163	
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The	 results	 indicate	 that	 the	 deep	MLP	model	 outperforms	 the	 conventional	MLAs	

during	the	MISO	regression.	The	proposed	MLP	architecture	in	Table	4.7	was	able	to	

achieve	 an	MSE	 of	 0.0163	which	 is	 23%	 lower	 error	 compared	 to	 the	 second-best	

algorithm,	 i.e.	 EXTREE,	 achieving	 a	 formulation	 MSE	 equal	 to	 0.0213.	 MLP	 could	

achieve	a	lower	MSE	for	18	out	of	25	active	ingredients	compared	to	all	other	MLAs.	

Having	a	second	hidden	layer	in	the	deep	MLP	architecture	is	one	of	the	key	factors	in	

extracting	 additional	 underlying	 features	 from	 the	 predictors	 and	 achieving	 more	

accurate	formulations	by	this	algorithm.	

		

5.4.3.3 MIMO	Regression	
In	this	section,	3	MLAs	are	selected	for	the	multi	target	regression	task	of	predicting	

the	25	actives,	adopting	the	MIMO	strategy.	This	task	trains	one	algorithm	to	predict	

all	actives	in	a	formulation	at	once.	There	are	a	limited	number	of	MLAs	that	are	able	

to	 perform	 native	multi-target	 regression.	 As	 explained	 in	 chapter	 2,	 native	multi-

target	 regression	 MLAs	 are	 limited	 to	 decision	 tree	 based	 and	 ensemble	 learning	

algorithms,	artificial	neural	networks	and	hybrid	algorithms	based	on	them	(Jin,	2006;	

Kocev	et	al.,	2009,	2007;	Read	et	al.,	2016).	Hence,	the	two	MIMO	capable	MLAs	in	Table	

5.1,	i.e.	EXTREE	and	RF	are	selected	for	this	task.	

Moreover,	a	deep	feed	forward	architecture	has	been	proposed	for	this	regression	task	

as	an	additional	algorithm	to	compare	with	the	conventional	MLAs	selected.	

The	 proposed	 deep	 learning	 architecture	 involves	 two	 hidden	 layers	 of	 40	 and	 30	

nodes	to	extract	features	from	the	input	measurements.	Each	hidden	layer	is	followed	

by	one	dropout	layer	(Srivastava	et	al.,	2014).	The	first	dropout	layer	is	placed	between	

the	two	hidden	layers	and	the	second	is	placed	between	the	second	hidden	layer	and	

the	 output	 layer	 to	 prevent	 the	 algorithm	 from	 overfitting	 the	 dataset	 during	 the	

training	stage.	Both	dropout	layers	are	set	to	randomly	drop	50%	of	the	nodes	with	

their	 associated	 connections	 (weights)	 during	 training	 and	 to	 convert	 the	 fully	

connected	 network	 to	 a	 thinner	 network.	 The	 proposed	 hyperparameters	 and	

activation	functions	for	this	architecture	are	provided	in	Table	5.7.	
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Table	5.7.	Proposed	deep	learning	settings	for	MIMO	regression.	The	number	of	trainable	parameters	per	layer	are	
also	provided	in	this	table.	

Variable	 Value	 #	Trainable	Parameters		

#	input	nodes	 19	 0	

#	hidden	layer	1	nodes	 40	 800	

Layer	1	activation	 ReLU	 NA	

Dropout	1	 50%	 0	

#	hidden	layer	2	nodes	 30	 1230	

Layer	2	activation	 ReLU	 NA	

Dropout	2	 50%	 0	

#	output	nodes	 25	 775	

Weight	initialisation		 Random	 NA	

Transfer	function	 Sigmoid	 NA	

Network	learning	rate	 0.001	 NA	

Optimiser	 Adam	 NA	

Epochs	 1000	 	

	

This	deep	 learning	architecture	 is	 referred	 to	as	 “core	architecture”	 in	 this	 chapter.	

Each	layer’s	trainable	parameters	are	calculated	based	on	Equation	5.1:	

𝑇𝑟𝑎𝑖𝑛𝑎𝑏𝑙𝑒	𝑃𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 = 	𝑚 × 	𝑛 + 𝑛	 Equation	5.1	

Where	m	is	the	number	of	nodes	in	the	previous	layer	and	n	is	the	number	of	nodes	in	

the	current	layer.	

The	core	architecture’s	layer	hierarchy	and	input-output	dimensions	are	presented	in	

Figure	5.4.	

	
Figure	5.4.	Proposed	deep	learning	core	architecture’s	layer	hierarchy	designed	for	the	MIMO	regression	task.	
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Core	architecture’s	loss	function	is	MSE	per	formulation	(per	ingredient	set)	to	ensure	

that	 the	 deep	 learning	 model	 is	 minimising	 loss	 over	 all	 ingredients.	 Since	 the	

ingredients	are	normalised	the	optimisation	process	will	treat	the	ingredients	equally	

and	evenly	optimises	the	cost	function	over	the	whole	formulation	set.		

After	setting	up	the	core	architecture,	the	model	is	trained	and	evaluated	by	10	folds	

cross	 validation.	 This	 task	 is	 repeated	 to	 create	 the	 EXTREE	 and	 RF	 based	 MIMO	

models.	The	 results	 including	 the	mean	of	 the	 errors	over	10	 folds	 are	provided	 in	

Table	5.8.	

	
Table	5.8.	Mean	squared	error	comparison	of	algorithms	trained	based	on	MIMO	strategy.	EXTREE	and	RF	natively	
support	MIMO	regression.	

Iteration	
Proposed	
MIMO	

Architecture	
MIMO	EXTREE	 MIMO	RF	

Fold	0	 0.00785	 0.01219	 0.01329	

Fold	1	 0.007	 0.01213	 0.01346	

Fold	2	 0.00795	 0.01201	 0.01306	

Fold	3	 0.00814	 0.01218	 0.01347	

Fold	4	 0.00937	 0.01036	 0.01254	

Fold	5	 0.00917	 0.01269	 0.01403	

Fold	6	 0.00801	 0.01135	 0.01301	

Fold	7	 0.00851	 0.01072	 0.01193	

Fold	8	 0.0101	 0.0119	 0.01263	

Fold	9	 0.00864	 0.0114	 0.0128	

Mean	 0.00847	 0.01169	 0.01302	

	

Two	key	conclusions	can	be	derived	from	the	results	presented	in	Table	5.8.	Firstly,	all	

models	built	under	MIMO	strategy	for	regression	perform	significantly	better	than	the	

models	built	under	the	MISO	strategy.	This	can	be	clearly	observed	by	comparing	the	

MSE	 achieved	 by	 the	MISO	MLP	model	 (0.0163)	 and	 the	MSE	 achieved	 by	 the	 RF,	

EXTREE	and	Deep	learning	MIMO	models	i.e.	0.13,	0.011,	0.008	respectively.		

Also,	the	core	architecture	could	achieve	27%	lower	MSE	compared	to	the	EXTREE	and	

35	%	lower	MSE	compared	to	the	RF.	The	proposed	architecture	also	could	achieve	

48%	lower	error	compared	to	the	MLP	model	under	MISO	strategy.	
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Considering	 significantly	 better	 regression	 performance	 of	 the	 MIMO	 models	 in	

comparison	to	the	MISO	strategy,	MIMO	is	chosen	as	the	main	strategy	for	predicting	

the	actives	of	the	personalised	skin-care	formulations.		

Since	 the	bases	 are	 independent	 of	 each	other	 and	other	 ingredients	 and	 the	MISO	

classification	for	the	bases	achieved	acceptable	accuracy,	stacked	MISO	MLP	regressors	

are	chosen	for	predicting	the	base	ingredients.		

The	overall	architecture	selected	for	the	core	model	of	the	AFPSP	is	presented	in	Figure	

5.5.	

	
Figure	5.5.	The	final	architecture	for	the	core	model	of	the	AFPSP	based	on	the	benchmarks	on	the	simulated	dataset.	

Unlike	 the	 bases,	 active	 ingredients	 determine	 the	 characteristic	 and	 application	 of	

each	 skin-care	 product.	 Changes	 in	 active	 ingredients	 directly	 correlates	 with	 the	

effectiveness	 of	 the	 formula	 and	 therefore	 the	 satisfaction	 of	 a	 patient.	 Hence,	 this	

chapter	 only	 peruses	 improvements	 on	 producing	 the	 active	 ingredients	 of	 the	

personalised	formulations	and	the	MIMO	core	model	will	be	used	for	evaluation	of	the	

AU	and	the	IFLLAI	in	the	next	section.		

Moreover,	since	the	proposed	“core	architecture”,	 introduced	in	Table	5.7,	performs	

significantly	better	than	the	well-known	conventional	MLAs,	it	is	chosen	for	building	

the	AFPSP’s	core	MIMO	model.	
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5.5 Task	 group	 2:	 Evaluation	 of	 production-ready	 and	 self-adaptation	
modules	

This	task	group	analyses	the	impact	of	integrating	feedback	as	a	self-adaptation	trigger	

in	both	the	CFU	and	the	AU.	It	compares	direct	implementation	of	the	feedback	in	the	

core	model	with	using	the	proposed	IFLLAI	in	batch	customizer	model	within	the	AU.	

This	task	group	aims	to	compare	the	adaptation	(learning)	rate	of	the	core	and	batch	

customizer	models	when	learning	from	the	patient	feedback	over	multiple	production-

learning	cycles.	The	both	modules	of	the	framework	are	fully	evaluated	in	this	exercise	

and	the	impact	of	knowledge	transfer	between	the	modules	is	signified.	

	

5.5.1 Feedback	generation	
The	optimal	CFU	architecture,	strategy	and	settings	were	introduced	in	task	group	1.	

In	order	to	utilise	patient	feedback	in	AFPSP,	the	feedback	score	from	the	patient	 is	

digested	by	the	FPU	and	a	scalar	score	is	extracted	from	the	feedback	and	associated	

with	each	observation.	The	scores	are	concatenated	to	each	observation	in	the	FPU	as	

a	dependant	variable.		

Since	the	generated	formulations	in	this	task	group	are	not	being	provided	to	patients	

and	the	real	feedback	from	the	patient	is	not	accessible	in	this	research,	an	alternative	

way	to	obtain	feedback	score	for	the	generated	formulation	is	proposed	in	this	section.		

In	 this	 exercise,	 the	 feedback	 score	 for	 the	 predicted	 formulations’	 is	 calculated	 by	

comparing	the	predicted	formulations	with	the	formulations	generated	by	the	EFG	for	

identical	predictors.	The	EFG	is	developed	to	produce	personalised	skin-care	products	

for	the	original	dataset	and	hence	it	is	capable	of	producing	personalised	formulations	

for	the	simulated	dataset.		

As	explained	earlier,	this	chapter	assumes	that	the	EFG	formulations	are	the	baseline,	

desired	 or	 effective	 formulations	 for	 a	 patient.	 Hence,	 to	 achieve	 more	 accurate	

formulations,	 the	 predicted	 formulations	 by	 the	 core	 model	 are	 expected	 to	 get	

improved	 and	 become	 similar	 to	 the	 EFG	 formulations.	 Therefore,	 the	 MSE	 of	 the	

ingredients	 of	 the	 predicted	 and	 EFG	 generated	 formulations	 is	 a	 comparative	

similarity	measure	between	the	two.	However,	since	the	MSE	is	the	average	of	squared	

errors,	 the	 feedback	 scores	will	 have	 a	 significantly	 smaller	 range	 compared	 to	 the	

other	variables	in	the	observations	as	all	variables	were	normalised	between	0	and	1.	
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To	keep	this	score	(potentially	additional	variable)	similar	and	comparable	to	the	other	

variables,	 the	 square	 root	 of	 this	 number	 is	 selected	 as	 the	 feedback	 score	 which	

indicates	the	inverse	of	the	similarity	of	the	two	formulations.		

The	 root	mean	 squared	error	 (RMSE)	 in	Equation	5.2	 is	used	 for	 calculation	of	 the	

feedback	scores:	

𝑆𝑐𝑜𝑟𝑒(𝐹, 𝐹,) = 𝑅𝑀𝑆𝐸(𝐹, 𝐹,) = È
1
𝑛·(𝑓� − 𝑓�,)~

§

�É{

	 Equation	5.2	

Where	formulation	𝐹 = {𝑓{, …	, 𝑓�}		is	the	predicted	formulation	by	a	model	and	𝐹, =

{𝑓{,, …	 , 𝑓�,}	is	the	formulation	produced	by	the	EFG.	

Therefore,	 this	 task	 group	 monitors	 correctness	 or	 effectiveness	 of	 the	 predicted	

formulations	by	comparing	this	score	after	each	iteration-learning	cycle.	The	smaller	

the	score	the	more	desirable	or	correct	the	produced	formulation.	The	aim	of	this	task	

group	 is	 to	 evaluate	 the	 AFPSP’s	 approach	 towards	 minimising	 this	 score	 for	 the	

products	over	multiple	iteration-learning	cycles.		

By	proving	the	effectiveness	of	the	AFPSP	in	adapting	to	the	desired	formulations,	in	

this	case	EFG	formulations,	and	achieving	a	more	favourable	(lower)	feedback	score,	it	

can	be	concluded	that	the	framework	can	also	adapt	to	the	real	patients’	feedback	when	

it	 becomes	 available	during	 the	 live	 test	 of	 the	 system	on	 real	 patients	 in	 a	 similar	

manner.		

	

5.5.2 Algorithm	selection	
The	 core	 model	 architecture	 follows	 the	 settings	 in	 Table	 5.7.	 To	 select	 the	 batch	

customiser	algorithm	a	comparison	test	of	the	performance	of	multiple	MLAs	as	batch	

customiser	 is	 performed.	 Three	 MIMO	 regression	 models	 in	 task	 group	 1,	 i.e.	

EXTRATREES,	 RF	 and	 a	 deep	 ANN	 are	 used	 for	 building	 the	 temporary	 batch	

customiser	models	for	this	comparison.	The	algorithm	selection	benchmark	compares	

the	 algorithm’s	 learning	 rate	 and	 error	 reduction	while	 finding	 a	 link	 between	 the	

feedback	and	formulations	on	a	small	temporary	adaptation	dataset.	

	

5.5.3 Training	and	testing	sets	
In	 this	 task	 group	 the	 validation	 is	 chosen	 for	 evaluation	of	 the	 core	ML	and	batch	

customiser	models.	The	simulated	dataset	is	divided	into	a	training	and	a	testing	set.	

Testing	 set	 is	 selected	 randomly	 and	 is	 the	 10%	 split	 of	 the	 total	 number	 of	
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observations	in	the	simulated	dataset,	i.e.	549	testing	observations	and	4937	training	

observations.	

Since	the	testing	set	is	considered	unseen	to	the	core	model,	it	will	be	treated	as	new	

observations,	or	the	adaptation	batch.	Therefore,	the	feedback	score	is	calculated	for	

all	observations	in	this	batch.	Additionally,	the	temporary	adaptation	dataset	is	created	

at	 each	 production-learning	 iteration	 by	 the	 profile	 matcher	 using	 this	 adaptation	

batch.	The	algorithm	for	creating	the	adaptation	dataset	by	the	skin-profile	matcher	

will	be	explained	in	the	next	section.	

	

5.5.4 Results	
This	section	evaluates	the	impact	of	direct	implementation	of	feedback	score	into	the	

core	and	batch	customiser	models.	It	also	aims	to	validate	the	feasibility	of	using	the	

adaptation	unit	and	batch	customiser	model	in	the	proposed	AFPSP.	MSE	is	chosen	for	

the	 evaluation	 of	 the	 performance	 of	 the	 models	 for	 all	 tasks	 to	 keep	 the	 results	

comparable	to	the	core	model	benchmarks.	The	ultimate	goal	of	the	task	is	to	reduce	

the	MSE	 of	 all	 formulations	 in	 the	 adaptation	 batch,	 i.e.	 to	 generate	more	 accurate	

formulations	 for	 every	 observation	 in	 this	 batch	 after	 each	 iteration	of	 production-

learning.	

	

5.5.4.1 Core	model	training	
The	 core	model	 is	 the	 rules	 and	 inference	made	 by	 an	MLA	 after	 training	 over	 the	

simulated	dataset	plus	an	extra	predictor	as	a	placeholder	for	feedback	score.	Having	

the	score	feature	ensures	the	capability	of	incorporating	feedback	from	patients	at	any	

stage,	as	the	number	of	predictors	must	match	in	both	core	and	batch	customiser	model	

to	enable	transfer	learning.		

This	score	predictor	is	initially	set	to	0	for	all	formulations	in	the	training	set	as	they	

are	produced	by	the	EFG	and	there	is	no	error	in	them.		

Figure	5.6	illustrates	the	predictors	and	target	variables	for	training	stage	of	the	core	

model.	In	this	figure	𝑗	is	the	number	of	skin	measurements	and	random	preferences	i.e.	

19	predictors	of	this	dataset,	𝑖	is	equal	to	the	number	of	training	observations	i.e.	4937	

and	p	is	equal	to	the	number	of	active	ingredients	i.e.	25.		

	



 

	

169 

	
Figure	 5.6.	 The	 initial	 training	 stage	 for	 the	 core	 model.	 Predictors,	 score	 place	 holder	 and	 corresponding	
personalised	ingredients	are	used	for	the	training.	

During	the	core	model	training,	a	small	validation	set	equal	to	10%	of	the	total	training	

size	is	randomly	selected	to	evaluate,	monitor	the	performance	of	the	model	on	during	

the	 training	 process	 to	 prevent	 overfitting	 the	 dataset.	 It	 is	 important	 to	 note	 that	

splitting	 the	dataset	 to	 training,	 test	 and	validation	 sets	was	not	possible	using	 the	

original	 dataset	 due	 to	 the	 low	 number	 of	 observations.	 Figure	 5.7	 illustrates	 the	

training	and	validation	errors	against	the	number	of	training	cycles	or	epochs.		

	
Figure	 5.7.	 Core	model’s	 convergence	 during	 1000	 training	 epochs	 using	 the	 core	 architecture.	 The	 consistent	
training	and	validation	error	during	the	ANN	convergence	shows	that	overfitting	is	avoided.	

The	training	and	validation	MSE	achieved	after	1000	epochs	of	training	are	0.0212	and	

0.0090	respectively.	The	difference	between	the	training	and	validation	errors	shows	

the	 impact	 of	 dropout	 layers	 as	 they	 are	 activated	 through	 the	 training,	 hence	

increasing	 the	 training	 error.	 However,	 as	 dropout	 layers	 are	 inactive	 during	

evaluation	of	the	model,	validation	error	is	significantly	lower	than	the	training	error.	

As	mentioned	before,	this	characteristic	of	the	dropout	layer	is	stated	in	Keras	library	

documentations.	

Convergence	of	the	model	and	loss	reduction	in	both	training	and	validation	sets	is	a	

successful	 evaluation	 criterion	 for	 the	 feasibility	 of	 the	 proposed	 core	 architecture.	

Continuous	loss	reduction	in	the	validation	set	is	a	solid	reason	to	prove	that	the	model	
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not	overfitting	the	training	dataset.	This	is	mainly	the	result	of	incorporating	50%	node	

dropout	during	the	training	at	both	hidden	layers.		

After	the	training	stage,	the	core	model	is	used	to	generate	formulations	for	the	unseen	

testing	 set	 without	 incorporating	 patient	 feedback.	 The	 MSE	 is	 calculated	 for	 the	

generated	formulations	of	the	testing	set	and	the	histogram	of	the	achieved	MSE	for	

this	batch	is	illustrated	in	Figure	5.8.		

	
Figure	5.8.	MSE	histogram	for	549	formulations	generated	by	the	core	model	for	the	observations	in	the	testing	set.		

The	mean	of	the	formulations’	MSE	for	the	whole	testing	set	(𝜇)	is	also	calculated	and	

presented	 below.	 𝜇	 can	 be	 used	 as	 a	 comparison	 metric	 for	 the	 whole	 testing	 set	

between	iterations	of	learning.	It	is	important	to	note	that	the	testing	set	in	this	test	is	

the	equivalent	of	the	adaptation	batch	introduced	in	chapter	3.	
Training	 𝜇	

Initial	core	ML	model	training	 0.00778	

	

Deep	learning	approaches	associate	scalar	weights	to	the	attributes	and	their	internal	

nodes.	Hence	extracting	the	importance	of	each	feature	towards	the	inference	and	the	

model	 built	 is	 not	 easy.	 On	 the	 other	 hand,	 the	 method	 for	 extracting	 feature	

importance	from	the	ensemble	tree-based	models	such	as	RF	and	EXTREE	was	stated	

in	chapter	2.	The	EXTREE	algorithm	achieved	the	second	most	accurate	results	for	the	

core	ML	model.	Hence	the	features	that	contribute	the	most	to	this	model	are	likely	to	

be	correlated	with	important	features	in	the	core	model.	Extracted	feature	importance	

and	the	standard	deviation	of	the	importance	among	100	decision	tree	estimators	used	

by	this	algorithm	are	provided	in	Table	5.9.	
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Table	 5.9.	 Feature	 importance	 for	 building	 the	 core	 ML	 model	 by	 the	 EXTREE	 algorithm.	 The	 importance	 is	
measured	by	percentage.	

	 Importance	 Estimators	standard	deviation	

Preference	option	3	 25.15577468	 0.056838342	

Preference	option	2	 23.42090872	 0.07523119	

Preference	option	1	 15.83598442	 0.085501292	

Sebumetery	 6.181955714	 0.00466319	

Frictometery	 4.539456458	 0.003941209	

Cutometery	 3.865767536	 0.003674479	

IL10	 3.684122151	 0.00240951	

FOX	 3.483061554	 0.002373759	

Preference	option	5	 1.777258188	 0.035635385	

TEWL	 1.743628868	 0.004060931	

SPL	 1.70336475	 0.002987567	

SPB	 1.574394658	 0.002526941	

Corneometery	 1.482303837	 0.001593836	

SPA	 1.440658796	 0.004496627	

IL1beta	 1.186172684	 0.002511512	

IL8	 0.992880996	 0.000896296	

Ferrozine	 0.986597875	 0.001226788	

PH	 0.921349241	 0.001238054	

Preference	option	4	 0.024358885	 0.000115468	

Feedback	Score	 0	 0	

	

	
Figure	5.9.	Training	set,	feature	importance	determined	by	the	core	ML	model	using	the	EXTREE	algorithm.	
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Figure	 5.9	 illustrates	 the	 ordered	 feature	 importance	 in	 the	 simulated	 dataset	 for	

training	 the	 core	 LM	model.	 The	 small	 line	 on	 top	 of	 the	 bars	 show	 the	 standard	

deviation	of	the	importance	among	100	decision	trees	used	by	this	algorithm.	Since	the	

training	set	includes	observations	with	true	skin-care	formulations	the	score	value	for	

all	observations	was	set	to	0.	Hence	the	algorithm	has	not	associated	any	importance	

to	score	variable.	

	

5.5.4.2 Meaning	of	the	formulation	error	and	batch	error	
As	 explained	 earlier	 in	 this	 chapter,	 the	 formulation	 ingredients	 in	 the	 simulated	

dataset	are	normalised	and	converted	to	scalar	values	between	(0,1).	Assuming	that	

the	ingredients	of	a	formulation	have	an	equal	value	of	V	and	they	are	all	predicted	with	

the	 same	 E%	 error,	 using	 the	 Equation	 2.54,	 the	 MSE	 for	 this	 formulation	 can	 be	

simplified	as:	

𝑀𝑆𝐸 = 	
1
𝑁·(𝑦� −

ä

�É{

𝑦′�)~ = (V ×
E
100)

~	 Equation	5.3	

Hence	 the	 MSE	 for	 the	 formulations	 is	 a	 factor	 of	 the	 squared	 value	 of	 the	

measurements	 and	 the	 squared	 error	 in	 each	 measurement.	 Therefore,	 MSE	

interpretation	 is	 not	 the	 same	 for	 all	 skin-care	 formulations	 as	 their	 predicted	

ingredients	are	of	various	error	rates	and	values.	

To	better	understand	the	error	rate	of	the	testing	set	in	this	exercise,	MSE	has	been	

calculated	for	each	formulation	after	manually	introducing	equal	formulation	errors	to	

the	formulations.	Then	the	mean	of	the	all	formulation	MSE’s	(𝜇)	has	been	calculated	

as	an	indicator	of	the	error	in	testing	set.	The	results	are	presented	in	Figure	5.10.	
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Figure	5.10.	Evenly	distributed	skin-care	 formulation	error	 introduced	manually	 in	 the	 testing	set	 formulations	

against	 the	mean	 testing	 set	MSE.	This	 graph	 is	used	 for	 interpretation	of	µ	 of	 the	 adaptation	batch	 after	 each	

prediction.	

	Figure	5.10	results	show	that	by	keeping	the	testing	set	values	(V)	constant,	quadratic	

growth	of	µ	is	observed	with	the	increase	in	evenly	distributed	formulations	error.	This	

figure	can	be	used	as	a	close	error	estimate	to	the	MSE	values	 in	the	testing	set	(or	

adaptation	batch)	in	this	exercise.	The	µ	achieved	by	the	core	model	in	the	previous	

section	(0.00778),	shows	an	average	formulation	error	of	11%	in	the	testing	set	by	this	

model	compared	to	the	EFG	formulations.	

	

5.5.4.3 Direct	feedback	implementation	

This	section	assesses	the	performance	of	the	core	model	while	directly	incorporating	

the	patient	feedback.	The	adaptation	batches	for	the	returning	patients	are	used	for	

incrementally	training	the	core	model.		

The	aim	is	to	evaluate	whether	the	core	model	can	automatically	find	a	link	between	

the	new	feedback	variable	in	the	predictor	set	and	the	ingredient	target	variables.			

To	update	the	core	model	weights	with	returning	observations	and	find	this	link,	the	

model	starts	the	training	from	the	previous	iteration’s	weights	i.e.	warm	starting.	
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After	each	incremental	training	stage,	the	core	model	predicts	new	formulations	for	

the	adaptation	batch.	The	feedback	score	variable	for	the	adaptation	batch	is	set	to	zero	

before	prediction	and	the	model	 is	expected	to	generate	 ingredients	that	result	 in	a	

score	equal	to	zero.	The	parameters	in	Table	5.10	are	used	for	incrementally	training	

core	model	over	the	observations	with	feedback.	

	
Table	5.10.	Deep	learning	settings	for	core	model	knowledge	update	by	incremental	learning.	

Variable	 Value	 #	Trainable	Parameters		

#	input	nodes	 19	 0	

#	hidden	layer	1	nodes	 40	 800	

Layer	1	activation	 ReLU	 NA	

#	hidden	layer	2	nodes	 30	 1230	

Layer	2	activation	 ReLU	 NA	

#	output	nodes	 25	 775	

Weight	initialisation		 Initial	training	weights	 NA	

Transfer	function	 Sigmoid	 NA	

Network	learning	rate	 0.001	 NA	

Optimiser	 Adam	 NA	

Epochs	 200	 	

	

This	process	has	been	repeated	for	10	iterations	of	production-learning.	The	µ	for	the	

adaptation	batch	is	calculated	and	monitored	at	each	iteration	and	provided	in	Figure	

5.11.	

	

	
Figure	5.11.	Adaptation	batch	formulation	µ	during	incremental	learning	over	observations	with	feedback.	
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As	it	can	be	observed	from	the	test	results,	the	core	model	is	unable	to	link	the	directly	

fed	feedback	for	a	batch	of	returning	patients	to	the	formulations	and	failed	to	improve	

the	produced	formulations	during	incremental	learning.		

As	the	core	model	is	incrementally	being	trained	over	the	formulations	with	an	error	

the	new	knowledge	from	these	slightly	incorrect	observations	slightly	opposes	to	its	

accurate	 original	 knowledge.	 Hence	 by	 learning	 this	 new	 knowledge	 the	 initial	

inference	 of	 the	 core	model	 is	 negatively	 impacted	 and	 the	 formulation	 errors	 rise	

incrementally	over	time.	This	is	mainly	due	to	the	nature	of	incremental	learning	as	the	

model	is	always	influenced	over	the	most	recent	data.	

The	core	model	was	trained	over	a	training	set	with	feedback	feature.	However,	since	

the	formulations	in	this	training	set	were	correct	and	the	feedback	score	was	always	

equal	to	0,	the	algorithm	has	not	associated	any	weights	to	the	feedback	feature	during	

initial	training.	This	was	established	by	extracting	the	significance	of	predictors	used	

for	training	the	core	ML	model	in	Table	5.9.	Hence,	the	feedback	feature	is	not	utilised	

during	 the	 initial	 inference	 of	 the	 core	 model.	 Therefore,	 the	 model	 also	 does	 not	

consider	 the	 feedback	 feature	 during	 the	 incremental	 learning	 over	 the	 adaptation	

batch	observations	with	feedback.	During	production-learning	cycles,	the	core	model	

only	learns	the	slightly	incorrect	link	between	the	new	predictors	and	target	variables	

resulting	in	the	model	knowledge	slightly	deteriorating	after	each	production-learning	

cycle.	

Moreover,	learning	the	link	between	feedback	and	formulations	through	trial	and	error	

requires	 the	 comparing	 instances	with	 different	 feedback	 scores	 and	 formulations.	

Since	the	previous	training	data	is	not	available	through	incremental	learning	and	it	is	

converted	to	inference	in	the	model,	the	algorithm	is	not	able	to	find	a	link	by	directly	

comparing	instances.	Also	retraining	the	algorithm	over	from	the	beginning	is	costly,	

inefficient	and	not	feasible	as	the	data	grows.	Chapter	3	introduced	IFLLAI	to	perform	

feedback	learning	and	avoid	retraining	core	model	over	the	complete	training	set.	This	

technique	enables	using	by	two	specialised	and	independent	model	in	CFU	and	AU.	AU	

consists	 of	 a	 batch	 customiser	 model	 and	 a	 temporary	 adaptation	 dataset.	 The	

adaptation	unit	temporarily	keeps	a	history	of	scored	formulations	until	it	generates	

formulations	that	receive	acceptable	(very	low)	feedback	scores.	Chapter	3	discussed	

defining	a	threshold	for	an	acceptable	score	and	a	trigger	for	stopping	the	adaptation	

process.	The	observations	with	an	acceptable	score	are	finally	used	to	update	the	core	

model	knowledge	without	a	negative	impact.	



 

	

176 

5.5.4.4 Skin-profile	matcher	
The	skin-profile	matcher	 is	a	sub	unit	of	 the	PPU,	 introduced	 in	chapter	3,	 to	select	

similar	observations	from	the	observations	in	the	PPF.	These	similar	observations	are	

essential	 to	 transfer	 formulation	 generation	knowledge	 from	 the	 core	model	 to	 the	

batch	customiser	and	warm	start	this	model.	

To	 create	 the	 adaptation	 dataset	 using	 similar	 observations	 from	 the	 PPF,	 the	

algorithm	explained	in	Table	5.11	is	followed.	In	this	algorithm	the	observations	in	the	

adaptation	batch	are	 compared	 to	all	 of	 the	observations	 in	 the	PPF.	The	 similarity	

among	 observations	 is	 calculated	 using	 Equation	 3.3.	 The	 top	 10	 most	 similar	

observations	to	each	observation	are	then	merged	with	the	adaptation	batch	to	create	

the	adaptation	dataset.	Finally,	any	duplicates	are	removed	from	this	dataset.	

	
Table	5.11.	Pseudo	code	for	identifying	similar	observations	to	the	adaptation	batch	(testing	set)	and	combining	
them	with	the	test	set	to	create	the	adaptation	dataset.	

Input	 Testing	 set	 measurements	 vector	 as	 test_X,	 Testing	 set	 formulations	 vector	 as	 test_Y,	 PPF	

dataset’s	 measurements	 as	 PPF_X,	 PPF	 dataset’s	 formulations	 vector	 as	 PPF_Y,	 number	 of	

observations	in	testing	set	as	t,	number	of	observations	in	PPF	dataset	as	p,	number	of	features	in	

both	datasets	as	f	
Output	Adaptation	dataset	(A)	

Initialise		i	 = 	0,	j	=	0	A	=	Empty	Matrix	with	number	of	columns	equal	to	f.	

	
𝑓𝑜𝑟	𝑗 <	= 	𝑡	𝐝𝐨	

	𝐈𝐧𝐢𝐭𝐢𝐚𝐥𝐢𝐬𝐞	𝑆𝑀	𝑎𝑠	𝑎𝑛	𝑒𝑚𝑝𝑡𝑦	𝑣𝑒𝑐𝑡𝑜𝑟	𝑤𝑖𝑡ℎ	𝑠𝑖𝑧𝑒	𝑒𝑞𝑢𝑎𝑙	𝑡𝑜	𝑝	

𝑓𝑜𝑟	𝑖 <	= 	𝑝	𝐝𝐨	

𝑡𝑒𝑚𝑝 = 𝑐𝑜𝑚𝑏𝑖𝑛𝑒(𝑃𝑃𝐹_𝑋, 𝑃𝑃𝐹_𝑌	, 𝑎𝑥𝑖𝑠 = 1)						#	reconstruct	PPF	

	 												 𝑆𝑀	 = 	𝑆𝑀[𝑗] = 	 {
R
∑ (	𝑡𝑒𝑠𝑡_T[𝑗, : ] − 𝑃𝑃𝐹_T[𝑖, : ])~
R
�É{ 	

	 											 	𝑖 = 𝑖 + 1	

	 	Temp[‘similarity’] = 	𝑆𝑀							#	new	similarity	column	from	SM	vector											

															𝐝𝐨	𝑆𝑜𝑟𝑡	𝑡𝑒𝑚𝑝	𝑎𝑠𝑐𝑒𝑛𝑑𝑖𝑛𝑔		

															𝐴 = 𝑐𝑜𝑚𝑏𝑖𝑛𝑒(𝐴, 𝑇𝑒𝑚𝑝. ℎ𝑒𝑎𝑑(10)	, 𝑎𝑥𝑖𝑠 = 0)		#	extract	the	10	most	similar		
														𝑗 = 𝑗 + 1	
	𝐝𝐨	𝑑𝑟𝑜𝑝	𝑑𝑢𝑝𝑙𝑖𝑐𝑎𝑡𝑒𝑠	𝑓𝑟𝑜𝑚	𝐴	
Return	A	
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5.5.4.5 Batch	customiser	model	
The	batch	customiser	model	is	initially	trained	over	a	small	adaptation	dataset.	This	

dataset	 consists	 of	 the	 adaptation	 batch	 and	 similar	 observations	 from	 the	 PPF	

database.		

The	process	of	feedback	integration	into	the	batch	customiser	model,	is	illustrated	in	

Figure	 5.12	 following	 the	 IFLLAI.	 In	 this	 figure,	 the	 similar	 observations	 are	 only	

extracted	once	for	initial	knowledge	transfer.	On	the	other	hand,	the	adaptation	batch	

is	appended	to	the	adaptation	dataset	every	time	feedback	is	provided	by	the	returning	

patients.	Therefore,	the	adaptation	dataset	grows	every	time	feedback	is	provided.	This	

test	assumes	that	feedback	is	provided	for	all	observations	at	each	production-learning	

cycle.	

	

	
Figure	5.12.	Adaptation	dataset	combining	the	adaptation	batch	and	similar	observations	from	the	PPF	for	batch	
customiser	 training.	Newly	 scored	observations	 for	 returning	patients	will	 be	 appended	 to	 this	dataset	 at	 each	
production-learning	cycle.	The	procedure	follows	the	proposed	IFLLAI	technique.	

The	following	two	situations	are	considered	to	evaluate	the	performance	of	the	AU	with	

the	IFLLA	and	its	enhanced	form	IFLLAI:		

	

Approach	1.	Train	and	produce	skin-care	formulations	for	returning	patients	using	the	

batch	customizer	model	trained	on	the	adaptation	batch	(IFLLA).	

Approach	2.	Train	and	produce	skin-care	formulations	for	returning	patients	using	the	

batch	 customizer	 model	 trained	 on	 the	 adaptation	 dataset,	 i.e.	 incorporating	

knowledge	transfer	from	the	CFU	(IFLLAI).	
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Both	approaches	are	 tested	on	three	MIMO	algorithms;	 the	deep	ANN	following	the	

architecture	in	Table	5.10,	and	EXTREE	and	RF.		

As	 explained	 in	 chapter	 3,	 the	 algorithms	 should	 overfit	 the	 adaptation	

batch/adaptation	 dataset	 initially	 during	 the	 adaptation	 process	 despite	 the	

generalisation	in	the	core	model.	To	validate	this	assumption,	the	deep	ANN	algorithm	

is	also	tested	with	the	two	dropout	layers	similar	to	core	architecture	for	comparison	

purposes.	 The	 ANN	 with	 dropout	 layers	 prevents	 the	 algorithm	 to	 overfit	 on	 the	

adaptation	batch.	The	results	of	the	approach	1	tests	are	provided	in	Table	5.12.	

	
Table	5.12.	Comparison	of	formulation	error	at	each	production	learning	iteration	using	deep	ANN,	EXTREE	and	RF	
for	feedback	learning	by	IFLLA.	

Stage	
Deep	ANN	

With	dropout	
Deep	ANN	

Without	dropout	
EXTREE	 RF	

Initial	Core	
model	Training	

0.00778	 0.00778	 0.00778	 0.00778	

Iteration	0	 0.02082	 0.0085	 0.01029	 0.01475	

Iteration	1	 0.02259	 0.00809	 0.00939	 0.01296	

Iteration	2	 0.02207	 0.00741	 0.00824	 0.01074	

Iteration	3	 0.02313	 0.00748	 0.00859	 0.0112	

Iteration	4	 0.02487	 0.00744	 0.00846	 0.01089	

Iteration	5	 0.02591	 0.00751	 0.00936	 0.01105	

Iteration	6	 0.02673	 0.00739	 0.00831	 0.01208	

Iteration	7	 0.02621	 0.0074	 0.00826	 0.01192	

Iteration	8	 0.02618	 0.00733	 0.00839	 0.01094	

Iteration	9	 0.02606	 0.00746	 0.00835	 0.01079	

	

Table	 5.12	 results	 show	 that	 the	 trained	 batch	 customiser	 models	 are	 initially	

overfitting	the	small	adaptation	batch.	This	can	be	simply	identified	by	comparing	the	

adaptation	batch	µ	when	comparing	the	ANN	models	with	and	without	dropout	layers.	

Since	 the	 deep	 ANN	 with	 dropout	 is	 trying	 to	 generalise	 over	 a	 small	 number	 of	

observations,	 the	 accuracy	 of	 the	 model	 deteriorates	 over	 time	 and	 with	 further	

generalisation	on	inaccurate	formulations,	this	accuracy	deterioration	cycle	continues.		

On	the	other	hand,	 the	other	 three	algorithms	are	allowed	to	overfit	 the	adaptation	

batch.	These	MLAs	start	producing	slightly	more	accurate	formulations	as	they	receive	

repeated	feedback	for	the	generated	formulations	and	the	training	set	grows.		
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Initially	training	the	MLAs	on	inaccurate	observations	in	the	adaptation	batch	results	

in	 formulations	 with	 slightly	 higher	 error	 compared	 to	 the	 core	 ML	 model’s	

formulations.	 Then,	 the	models	 start	mapping	 the	 feedback	 to	 the	 formulations	 by	

observing	 several	 instances	 with	 similar	 predictors	 and	 variable	 formulations	 and	

scores.	This	 results	 in	 slightly	 improved	 formulations	at	each	 iteration.	However	as	

explained	in	chapter	3,	due	to	lack	of	enough	accurate	observations	in	the	adaptation	

batch	 the	 improvement	 (feedback	 learning)	 rate	 is	 slow.	 To	 evaluate	 the	 solution	

proposed	 under	 the	 IFLLAI	 to	 speed	 up	 the	 learning	 rate	 of	 the	 batch	 customiser,	

approach	2	is	tested	and	the	results	are	provided	in	Table	5.13.	This	table	includes	10	

iterations	of	production-learning,	however	the	full	table	containing	the	results	for	50	

iterations	is	provided	at	appendix	2.	

	
Table	5.13.	Comparison	of	formulation	error	at	each	production	learning	iteration	using	deep	ANN,	EXTREE	and	RF	
for	feedback	learning	by	IFLLAI.	

Stage	 Deep	ANN	 EXTREE	 RF	

Initial	Core	
model	Training	

0.00778	 0.00778	 0.00778	

Iteration	0	 0.00644	 0.00759	 0.00763	

Iteration	1	 0.007	 0.00654	 0.00725	

Iteration	2	 0.00524	 0.00574	 0.0067	

Iteration	3	 0.00525	 0.00545	 0.00639	

Iteration	4	 0.00559	 0.0052	 0.00595	

Iteration	5	 0.0051	 0.00486	 0.00586	

Iteration	6	 0.00479	 0.00462	 0.00554	

Iteration	7	 0.00473	 0.00446	 0.00545	

Iteration	8	 0.00496	 0.00437	 0.00542	

Iteration	9	 0.00557	 0.00422	 0.00527	

	

Table	 5.13	 shows	 that	 the	 knowledge	 transfer	 from	 the	 core	ML	model,	 boosts	 the	

initial	 formulation	 accuracy	 of	 all	 three	 algorithms.	This	 knowledge	 transfer	 allows	

maintaining	 the	 rules	 of	 formulation	 generation,	 preventing	 the	 algorithms	 from	

significantly	 diverging	 from	 the	 initial	 core	model	 inference,	 hence	 not	 achieving	 a	

higher	µ	than	the	core	ML	model’s	formulations.	

Additionally,	including	similar	observations	with	very	low	feedback	in	the	adaptation	

dataset	helps	the	algorithms	to	alter	formulations	for	returning	patients	to	achieve	a	

score	 value	 close	 to	 0.	 After	 having	 multiple	 scored	 instances	 and	 retraining,	 the	
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algorithms	distinguish	between	lower	and	higher	score	rates.	The	tree-based	boosting	

algorithms	(EXTREE	and	RF)	learned	to	divide	the	score	feature	node	between	low	and	

high	 scores	by	 automatically	 setting	 a	 threshold.	By	 voting	 on	 the	number	of	weak	

learners’	outcomes,	the	most	suitable	threshold	is	identified	by	these	algorithms.	ANN	

performs	this	by	associating	a	weight	to	feedback	feature	and	updating	it	through	back	

propagation	while	Adam	is	optimising	the	model	over	smaller	batches	of	adaptation	

dataset.	

Although	the	deep	ANN	was	able	to	achieve	a	lower	batch	µ	earlier	than	the	other	two	

algorithms	and	during	the	first	four	production-learning	iterations,	EXTREE	was	the	

algorithm	achieving	the	most	precise	formulations	afterwards.	Unlike	the	ANN,	batch	

formulation	error	was	reduced	in	a	constantly	and	smoothly	by	the	EXTREE.	This	is	

very	likely	to	be	due	to	the	nature	of	the	algorithms	as	it	is	easier	for	a	decision	tree	to	

distinguish	between	the	feedback	scores	by	setting	rules	rather	than	a	complex	non-

linear	function	by	the	ANN.	This	is	specially	the	case	when	there	is	a	high	diversity	of	

skin-profiles	 in	 the	 adaptation	 batch.	 Additionally,	 EXTREE	 and	 RF	 are	 ensemble	

algorithms	combining	the	outcome	of	multiple	decision	trees	(100	in	this	case).	This	

approach	is	more	robust	to	errors	in	smaller	datasets	than	the	deep	ANN.	This	can	be	

proven	by	observing	the	fluctuations	of	µ	during	the	adaptation	process.	Deep	ANN	µ	

reduction	 is	more	prone	 to	 fluctuations	during	 the	 first	10	 iterations	of	production	

learning	when	the	number	of	observations	in	the	dataset	is	still	low.	

The	 test	 results	 show	 that	 feedback	 learning	 by	 IFLLAI	 is	 independent	 of	 the	MLA	

chosen	for	the	batch	customiser.	However,	MLA	tuning	and	initialisation	plays	a	role	in	

the	learning	rate	of	the	batch	customiser.	The	task	group	results	over	50	production-

learning	iterations	are	illustrated	in	Figure	5.13.	
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Figure	5.13.	MSE	against	training	cycles	using	EXTREE,	RF	and	deep	ANN	batch	customiser	models	in	the	AU.	The	
results	show	the	consistency	of	the	approach	in	improving	on	the	formulation	errors	with	low	MLA	type	impact.	
Linear	error	trends	are	also	plotted	for	all	algorithms.	

Figure	5.13	illustrates	the	adaptation	process	in	the	AU	over	50	production-learning	

cycles.	The	deep	ANN,	EXTREE	and	RF	models	were	able	to	decrease	µ	by	32%,	26%	

and	14%	respectively,	over	the	first	3	iterations.	Although	the	deep	ANN	was	able	to	

achieve	a	lower	µ	initially,	EXTREE	outperforms	the	other	algorithms	after	iteration	5	

and	achieves	the	lowest	batch	error	after	50	iterations	(µ	=	0.0057).	The	µ	achieved	by	

the	 ANN	 and	 EXTREE	 after	 3	 iterations	 can	 be	 interpreted	 as	 approximately	 9%	

formulation	error	in	the	adaptation	batch	by	referring	to	Figure	5.10.	Hence,	the	batch	

formulation	 error	 is	 decreased	 from	 11%	 to	 9%	 after	 3	 iterations	 by	 the	 batch	

customiser	model.	The	generated	skin-care	formulations	were	71%	more	similar	to	the	

patients’	preferences	after	the	50th	learning	cycle	achieving	a	µ	of	0.0022.	In	another	

words,	 the	 formulations	 had	 only	 5%	 error	 when	 using	 an	 EXTREE	 based	 batch	
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customiser	 indicating	huge	potential	 of	 IFLLAI	 in	mass	personalisation	of	 skin-care	

products.	

The	variation	in	formulation	error	rates	of	the	adaptation	batch	is	illustrated	in	Figure	

5.14	 by	 comparing	 the	 histogram	 of	 formulations’	 MSE	 at	 the	 first	 9	 iterations	 of	

production-learning	using	IFLLAI	with	EXTREE	algorithm.	

	

	

	

	
Figure	5.14.	Formulation	MSE	histogram	changes	over	9	iterations	of	production-learning	by	the	IFLLAI	algorithm.	
The	skin-care	formulation	errors	move	towards	0	at	each	iteration.	

Figure	5.14	clearly	illustrate	a	shift	in	the	formulation	errors	towards	0	per	iteration.	

This	graph	shows	the	improvements	in	the	formulations	generated	for	the	patients	in	

the	adaptation	batch	in	a	more	tangible	way.	The	number	of	observations	with	high	

MSE	shrinks	significantly	after	the	initial	iterations	of	production	learning.	

This	task	group	proved	that	the	batch	customiser	model	is	able	to	consistently	learn	

from	the	patients’	feedback	following	the	proposed	IFLLAI,	although	the	MLAs	chosen	

Iteration	0	 Iteration	1	 Iteration	2	

Iteration	3	 Iteration	4	 Iteration	5	

Iteration	6	 Iteration	7	 Iteration	8	
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for	 this	 model	 have	 an	 impact	 on	 the	 rate	 of	 formulation	 improvement	 through	

feedback	learning.		

The	task	group	proved	that	knowledge	transfer	from	the	CFU	to	the	AU	speeds	up	the	

process	of	formulation	personalisation	and	the	patients	are	able	to	see	changes	in	the	

produced	products	as	soon	as	they	submit	their	feedback	for	the	skin-care	products.	

The	 product	 improvement	 is	 especially	 significant	 at	 the	 first	 three	 production-

learning	iterations,	resulting	in	fast	product	improvement.	

To	reveal	the	role	of	the	feedback	score	and	the	model	inference,	contribution	of	the	

training	features	to	the	EXTREE	batch	customiser	model’s	inference,	is	determined	at	

the	beginning	and	after	50	iterations	of	production	learning.	The	feature	importance	is	

extracted	 similar	 to	Table	5.9,	 on	 the	batch	 customiser	model	 at	 two	 stages	during	

adaptation.	The	results	are	provided	in	Table	5.14,	Table	5.15,	Figure	5.15	and	Figure	

5.16.	

	

	
Table	5.14.	Batch	customiser	model	from	the	EXTREE	algorithm	after	the	first	iteration	of	production	learning.	The	
importance	of	the	training	features	to	the	model’s	acquired	knowledge	is	provided	in	percentage.	

	 Importance	 Estimators	standard	deviation	

Preference	option	2	 25.0014704	 0.06972964	

Preference	option	3	 24.7203839	 0.05060871	

Preference	option	1	 15.6038247	 0.09234871	

Sebumetery	 6.44920882	 0.00587668	

Frictometery	 4.07913272	 0.00513092	

FOX	 3.68810927	 0.0037912	

IL10	 3.09058144	 0.00392058	

Cutometery	 2.89541199	 0.0019142	

Preference	option	5	 1.78646542	 0.03617809	

TEWL	 1.7065723	 0.00320403	

SPL	 1.44503743	 0.00251089	

Corneometery	 1.33828022	 0.00374985	

SPB	 1.28976326	 0.0019113	

SPA	 1.2438176	 0.00303704	

Preference	option	4	 1.13663753	 0.03238389	

IL1beta	 1.05055821	 0.00240832	

IL8	 0.97093126	 0.00161943	

PH	 0.95790454	 0.00089922	

Ferrozine	 0.95222715	 0.00200978	

Feedback	Score	 0.5936818	 0.00062589	
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Figure	 5.15.	 Sorted	 feature	 importance	 towards	 inference	 of	 the	 batch	 customiser	 model	 from	 the	 EXTREE	
algorithm	after	 the	 first	 iteration	of	production	 learning.	The	 small	 line	on	 top	of	 the	bars	 shows	 the	 standard	
deviation	of	the	feature	importance	among	100	decision	trees	used	by	EXTREE	algorithm.	

Table	5.15.	Batch	customiser	model	from	the	EXTREE	algorithm	after	the	50th	iteration	of	production	learning.	The	
importance	of	the	training	features	to	the	model’s	acquired	knowledge	is	provided	in	percentage.	

	 Importance	 Estimators	standard	deviation	

Preference	option	3	 23.145227	 0.10383441	

Preference	option	1	 20.047725	 0.13790781	

Preference	option	2	 15.6976851	 0.09795551	

Preference	option	4	 9.26370394	 0.12292684	

Sebumetery	 6.35388479	 0.0077027	

Frictometery	 3.4974176	 0.00525432	

FOX	 3.38959286	 0.004474	

IL10	 2.57749132	 0.00579945	

Cutometery	 2.39488544	 0.00468901	

Preference	option	5	 2.31871066	 0.04583497	

SPB	 1.44306118	 0.00141032	

SPL	 1.4133521	 0.00495117	

SPA	 1.31422217	 0.00371069	

Feedback	Score	 1.29075382	 0.00270661	

TEWL	 1.244849	 0.00365963	

Corneometery	 1.0776412	 0.00347769	

IL8	 0.96858267	 0.00398711	

IL1beta	 0.91098899	 0.00299532	

PH	 0.88413961	 0.00200576	

Ferrozine	 0.76608554	 0.00152947	
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Figure	 5.16.	 Sorted	 feature	 importance	 towards	 inference	 of	 the	 batch	 customiser	 model	 from	 the	 EXTREE	
algorithm	after	 the	50th	 iteration	of	production	 learning.	The	small	 line	on	 top	of	 the	bars	shows	 the	standard	
deviation	of	the	feature	importance	among	100	decision	trees	used	by	EXTREE	algorithm.	

Comparing	 the	 feature	 importance	at	 the	beginning	and	after	 the	completion	of	 the	

adaptation	 process	 in	 the	 AU,	 it	 can	 be	 realised	 that	 the	 model	 is	 increasing	 the	

contribution	of	personal	preferences	in	the	generation	of	the	formulations.		

As	it	can	be	seen	in	Figure	5.9,	the	feedback	feature	was	not	utilised	be	the	algorithm	

before	introducing	the	observation	with	feedback.	Feedback	score	starts	contributing	

to	 the	model	 inference	 as	 soon	as	 it	 is	 used	 for	 training	 the	batch	 customiser.	This	

behaviour	was	expected	and	explained	in	chapter	3	for	the	IFLLAI.	EXTREES	uses	the	

feedback	 score	 to	 divide	 the	 accurate	 from	 inaccurate	 formulations	 in	 the	 internal	

nodes	of	its	grown	decision	trees.	Hence	this	feature	becomes	more	important	during	

the	adaptation	process	and	reaches	an	importance	of	1.29%	from	the	initial	0%	which	

is	a	higher	significance	than	6	of	the	skin-care	measurements	used	as	features	in	this	

model.	

	

5.5.4.6 Knowledge	transfer	and	core	model	refinement	via	incremental	learning	

The	 final	 task	 in	 this	 task	 group	 is	 transferring	 the	 knowledge	 gained	by	 the	batch	

customiser	during	several	production-learning	cycles	to	the	core	ML	model	to	improve	

on	 the	main	production	unit’s	knowledge	of	personalised	skin-care	production.	The	

goal	 is	 to	 maximise	 this	 knowledge	 transfer	 between	 the	 learners.	 Although	 the	

formulation	generation	knowledge	from	the	batch	can	be	very	subjective,	as	it	has	been	
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influenced	by	the	patients’	personal	views	through	feedback,	the	core	model	can	still	

link	this	very	personalised	knowledge	to	its	own	generalised	hypothesis	and	improve	

on	its	personalised-skin-care	production	knowledge.		

As	 explained	 in	 chapter	 3,	 the	 knowledge	 transfer	 between	 two	 different	 MLAs	 is	

performed	by	instance	transfer	from	the	AU	to	CFU.	Since	the	adaptation	batch	contains	

only	a	fraction	of	the	instances	that	the	core	model	is	trained	on	(10%	in	this	test),	core	

model	refining	by	knowledge	transfer	is	unlikely	to	change	its	general	inference	and	

can	 only	 lead	 to	 knowledge	 refinement.	However,	 knowledge	 transfer	 from	 several	

batch	 customiser	 models	 can	 potentially	 lead	 to	 more	 substantial	 knowledge	

refinement	in	the	core	model.	

For	 this	 task	 the	stored	weights	of	 the	 trained	core	model	are	used	 to	 initialise	 the	

incremental	training.	The	dataset	used	for	incrementally	training	the	core	model	is	the	

adaptation	 batch	 with	 further	 personalised	 formulations	 after	 50	 iterations	 of	

production-learning	by	the	IFLLAI	and	using	EXTREE.	The	parameters	in	Table	5.10	

are	used	to	update	the	core	model	knowledge	by	incremental	learning.	

Table	5.16	shows	the	testing	set	error	achieved	before	and	after	incremental	learning.	

The	training	set	used	for	incremental	learning	has	two	variations.	First	the	adaptation	

batch	is	used	with	formulations	that	are	improved	by	IFLLAI.	Second,	the	adaptation	

batch	with	true	formulations	(without	error).		

	
Table	5.16.	Core	model	training	error	against	training	epochs	before	and	after	knowledge	transfer	from	AU	to	CFU.	

Training	Stage	 Training	Set	 Testing	Set	 µ	

Initial	Training	 Training	dataset	 Adaptation	batch	 0.00778	

Training	dataset	 Training	dataset	 0.00705	

Incremental	

Learning	

Adaptation	batch	with	improved	formulations	

(50	IFLLAI	iterations,	µ	=	0.0022)	

Adaptation	batch	 0.00432	

Adaptation	batch	with	improved	formulations	

(50	IFLLAI	iterations,	µ	=	0.0022)	

Training	dataset	 0.00603	

Adaptation	batch	with	true	formulations	 Adaptation	batch	 0.00340	

Adaptation	batch	with	true	formulations		 Training	dataset	 0.00574	

	

The	 results	 show	 that	 the	 core	 model	 formulations	 generated	 after	 incremental	

learning	on	both	variations	of	adaptation	batch	have	become	more	accurate	compared	

to	the	core	model	using	its	initial	inference	from	the	training	dataset.	The	generated	
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formulations	are	up	to	56%	more	accurate	after	incremental	 learning	on	true	labels	

and	up	to	44%	more	accurate	when	using	the	formulations	improved	by	the	AU.		

The	core	model’s	performance	predicting	its	training	set	was	also	performed	to	show	

that	incremental	learning	is	not	only	degrading	the	initial	inference	of	this	model,	but	

also	 further	 enhancing	 this	 inference.	 This	 is	 proven	 by	 achieving	 lower	 µ	 when	

predicting	 its	own	training	dataset	 formulations	after	 incremental	 learning	over	the	

adaptation	batch.	

As	explained	in	5.5.4.1,	the	core	model	achieved	a	training	error	of	0.0212	after	1000	

epochs,	while	prediction	error	for	the	training	dataset	was	0.00705	in	Table	5.16.	As	

mentioned	 earlier	 the	 higher	 during-training-error	 in	 5.5.4.1	 is	 purposefully	

introduced	 by	 the	 dropout	 layers	 in	 the	 architecture	 to	 avoid	 overfitting.	 Since	 the	

dropout	 layers	 are	 not	 functional	 during	 prediction	 (Chollet,	 2015),	 the	 prediction	

error	of	the	same	training	dataset	is	significantly	lower	than	the	during-training-error.	

This	was	also	observed	in	the	validation	error	during	core	model	training.	
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5.6 Task	group	3:	Impact	of	feature	reduction	and	feature	enrichment	
The	measurements	in	the	simulated	dataset	are	divided	into	two	main	groups,	physical	

skin	 measurements	 and	 biochemical	 skin	 measurements.	 These	 measurement	

alongside	5	randomly	selected	product	preferences	are	required	as	input	to	the	EFG	to	

produce	 personalised	 formulations.	 In	 this	 process,	 5	 intermediate	 skin-condition	

related	 features	are	extracted	 from	these	 inputs	by	 the	EFG	prior	 to	generating	 the	

personalised	formulations.		

This	 task	group	aims	 to	determine	 the	most	 important	 features	 that	 contribute	 the	

most	 in	the	performance	AFPSP.	The	aim	is	to	reduce	the	number	of	required	input	

measurements	to	reduce	costs	associated	with	the	skin-sampling	and	speeding	up	the	

process.	

	

5.6.1 Algorithm	selection	
This	task	group	combines	the	core	ML	model	with	“core	architecture”	in	the	CFU	and	

the	EXTREE	batch	customiser	for	the	AU	to	test	the	full	system	under	AFPSP.	The	setup	

and	model	parameters	and	architectures	are	identical	to	the	core	and	batch	customiser	

model	parameters	in	task	group	2.	

	

5.6.2 Training	and	validation	sets	
The	simulated	dataset	is	divided	into	a	training	and	a	testing	set	similar	to	task	group	

2.	 Testing	 set	 is	 the	 10%	 random	 split	 of	 the	 total	 number	 of	 observations	 in	 the	

dataset.	The	testing	set	(adaptation	batch)	includes	549	observations	and	training	set	

consists	of	4937	observations.	

The	dataset	used	in	this	task	group	is	divided	into	seven	subsets	with	the	following	

feature	sets	to	compare	different	input	types	on	the	performance	of	the	system:	
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P.	 Physical	 skin-measurements	 and	 patient	 preferences	 as	 predictors	 and	 active	

ingredients	as	target	values.	

B.	Biochemical	skin-measurements	and	patient	preferences	as	predictors	and	active	

ingredients	as	target	values.	

I.	 Intermediate	 dermatological	 features	 and	 patient	 preferences	 as	 predictors	 and	

active	ingredients	as	target	values.	

PB.	 Physical	 skin-measurements,	 biochemical	 skin-measurements	 and	 patient	

preferences	as	predictors	and	active	ingredients	as	target	values.	

PI.	 Physical	 skin-measurements,	 intermediate	 dermatological	 features	 and	 patient	

preferences	as	predictors	and	active	ingredients	as	target	values.	

BI.	Biochemical	skin-measurements,	intermediate	dermatological	features	and	patient	

preferences	as	predictors	and	active	ingredients	as	target	values.	

PBI.	 Physical	 skin-measurements,	 biochemical	 skin-measurements,	 intermediate	

dermatological	features	and	patient	preferences	as	predictors	and	active	ingredients	

as	target	values.	

	

5.6.3 Results	
The	initial	training	and	evaluation	of	the	models	is	performed	by	the	proposed	core	

model	 using	 the	 datasets	 created	 from	 the	 seven	 feature	 sets	 described	 above.	

Furthermore,	20	iterations	of	production-learning	by	EXTREE	has	been	performed	on	

the	fully	scored	adaptation	batch	after	the	initial	training.	

The	µ	of	 the	adaptation	batch	 is	 compared	between	 the	mentioned	 feature	sets	per	

production-learning	cycle	in	Table	5.17.	
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Table	5.17.	Formulation	µ	for	the	adaptation	batch	over	20	iterations	of	production-learning.	Seven	feature	subsets	
from	the	original	features	of	the	simulated	dataset	are	compared	for	each	test.	

Stage	 B	 P	 I	 PB	 BI	 PI	 PBI	

Initial	Core	
Model	
Training	

0.03125	 0.01627	 0.01327	 0.00801	 0.01223	 0.00967	 0.00763	

Iteration	0	 0.02612	 0.01285	 0.01043	 0.00702	 0.01027	 0.00704	 0.00486	

Iteration	1	 0.02404	 0.01152	 0.01041	 0.00630	 0.00954	 0.00602	 0.00420	

Iteration	2	 0.02216	 0.01068	 0.01041	 0.00569	 0.00915	 0.00566	 0.00365	

Iteration	3	 0.02194	 0.00963	 0.01038	 0.00497	 0.00861	 0.00500	 0.00368	

Iteration	4	 0.02068	 0.00921	 0.01036	 0.00475	 0.00845	 0.00471	 0.00343	

Iteration	5	 0.02008	 0.00896	 0.01035	 0.00447	 0.00810	 0.00464	 0.00321	

Iteration	6	 0.01988	 0.00839	 0.01035	 0.00416	 0.00795	 0.00447	 0.00307	

Iteration	7	 0.01985	 0.00813	 0.01034	 0.00419	 0.00802	 0.00421	 0.00312	

Iteration	8	 0.01943	 0.00798	 0.01035	 0.00411	 0.00773	 0.00413	 0.00289	

Iteration	9	 0.01876	 0.00764	 0.01035	 0.00383	 0.00757	 0.00393	 0.00283	

Iteration	10	 0.01834	 0.00753	 0.01032	 0.00344	 0.00764	 0.00382	 0.00270	

Iteration	11	 0.01880	 0.00723	 0.01033	 0.00353	 0.00736	 0.00376	 0.00278	

Iteration	12	 0.01747	 0.00718	 0.01032	 0.00337	 0.00732	 0.00371	 0.00268	

Iteration	13	 0.01811	 0.00684	 0.01033	 0.00337	 0.00721	 0.00370	 0.00265	

Iteration	14	 0.01697	 0.00671	 0.01031	 0.00318	 0.00736	 0.00345	 0.00267	

Iteration	15	 0.01640	 0.00663	 0.01039	 0.00321	 0.00719	 0.00352	 0.00263	

Iteration	16	 0.01686	 0.00628	 0.01031	 0.00310	 0.00718	 0.00341	 0.00254	

Iteration	17	 0.01665	 0.00674	 0.01030	 0.00312	 0.00711	 0.00343	 0.00255	

Iteration	18	 0.01651	 0.00628	 0.01030	 0.00320	 0.00691	 0.00348	 0.00229	

Iteration	19	 0.01651	 0.00635	 0.01030	 0.00308	 0.00709	 0.00322	 0.00244	

	

Finally,	µ	is	plotted	against	the	number	of	production-learning	iterations	for	this	test	

in	Figure	5.17.	µ	for	each	subset	is	represented	as	a	bar	plot	at	each	iteration.	
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From	the	comparative	results	in	Table	5.17	and	Figure	5.17	the	following	points	can	be	

concluded:	

• Including	 the	 intermediate	 expert	 features	 decreases	 both	 the	 initial	 core	

model	formulations	µ	and	increases	the	learning	rate	of	the	AU.	Each	feature	

set	 combined	 with	 the	 intermediate	 features	 achieved	 lower	 batch	 MSE	

compared	to	the	feature	set	without	the	intermediate	features.	

• 	Using	only	the	biochemical	measurements	to	produce	personalised	skin-care	

is	not	feasible	as	both	initial	and	further	improved	formulations	achieved	very	

high	 error	 rates,	 i.e.	 2.6	 times	 higher	 µ	 than	 using	 the	 physical	 skin-

measurements	and	5.5	times	higher	than	using	the	combination	of	physical	and	

biochemical	skin-measurements.	

• Using	physical	skin-measurements	as	the	only	predictors	has	shown	promising	

results	specially	combined	with	the	intermediate	features.	The	combination	of	

physical	and	intermediate	features	achieved	similar	formulation	precision	as	

the	 combination	 of	 physical	 and	 biochemical	 skin-measurements.	 This	 can	

result	is	less	time	consumption,	reduced	costs	and	less	skin-sampling	efforts	as	

extraction	and	analysis	of	biochemical	skin-measurements	requires	laboratory	

tests,	while	the	physical	skin-measurements	can	be	obtained	directly	with	non-

invasive	methods	using	probes	and	sensory	equipment	(Ruther,	2017).	

• The	 lowest	 initial	 formulation	 accuracy	 and	 the	 highest	 formulation	

improvement	rate	was	achieved	by	the	combination	of	physical,	biochemical	

and	 intermediate	 features	 resulting	 in	 20%	 lower	 adaptation	 batch	 µ.	

According	 to	 Figure	 5.10	 this	 is	 equivalent	 of	 having	 an	 equally	 distributed	

formulation	error	of	2%	in	the	adaptation	batch	after	10	production-learning	

iterations,	which	shows	significantly	accurately	generated	formulations.	

	

There	are	 initial	 accuracy	 compromises	 in	 the	models	only	using	 the	physical	 skin-

measurements	 as	 predictors.	 However,	 the	 AU	was	 able	 to	 constantly	 improve	 the	

formulations	and	create	improved	and	more	accurate	formulations.	By	combining	the	

physical	measurements	with	the	intermediate	expert	extracted	features,	the	achieved	

formulation	precision	was	comparable	to	using	the	complete	skin	measurements	(PB	

subset).	 This	 not	 only	 shows	 the	 feasibility	 of	 reducing	 the	 number	 of	 skin-

measurement	 required	 for	 generating	personalised	 skin-care	 formulations,	 but	 also	

the	flexibility	of	the	AFPSP	in	incorporating	various	predictor	types	and	dimensions.		
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The	opportunity	to	easily	adjust	the	predictors	and	balance	the	system	performance	

with	the	costs	and	measurement	efforts,	was	not	possible	when	using	the	EFG,	as	it	is	

programmed	to	generate	the	personalised	formulations	only	by	utilising	the	complete	

feature	set	(PB).		

	

5.7 Summary	and	conclusions	
This	 chapter	 evaluated	 the	 proposed	 framework	 AFPSP,	 a	 novel	 framework	 for	

generating	 personalised	 skin-care	 formulations	 and	 automatically	 adapting	 these	

formulations	to	patients’	requirements	based	on	their	feedback.	This	framework	used	

a	rigid	dermatological	expert	system	(EFG)	to	generate	an	initial	dataset	for	training	

its	 core	 machine	 learning	 based	 model.	 Then	 multiple	 tests	 were	 performed	 on	

different	MLAs	to	find	the	most	suitable	MLA	for	training	the	core	model.		

The	 chapter	 involved	 three	main	 task	 groups	 to	 prepare,	 evaluate	 and	 analyse	 the	

proposed	framework.	The	first	task	group	compared	MIMO	and	MISO	strategies	to	find	

the	most	accurate	strategy	for	the	core	and	batch	customiser	models.	A	combination	of	

a	MIMO	regressor	for	actives	of	the	personalised	skin-care	formulations	and	a	stacked	

MISO	classifier	for	predicting	the	bases	of	the	personalised	formulations	was	chosen	

as	the	main	strategy	for	training	the	MLAs	in	this	chapter.		

Additionally,	a	deep	 learning	architecture	referred	to	as	the	“core	architecture”	was	

proposed	 for	 the	 core	 model.	 This	 architecture	 outperformed	 the	 well-known	

conventional	native	MIMO	algorithms	 i.e.	EXTREE	and	RF,	 for	generating	 the	active	

ingredients	of	the	formulations.	

The	production-ready	and	self-adaptation	modules	of	the	AFPSP	were	evaluated	in	the	

second	 task	 group.	 The	 significance	 of	 using	 the	 AU	 in	 the	 framework	 was	 then	

established	by	analysing	direct	implementation	of	the	patients’	feedback	into	the	core	

model.		

Initially	 introduced	in	chapter	3,	this	task	group	evaluated	knowledge	transfer	from	

the	 core	model	 to	 the	 batch	 customiser	model	 prior	 to	 the	 start	 of	 the	 adaptation	

process.	This	process	has	been	a	significant	step	to	ensure	that	the	batch	customiser	is	

able	to	learn	the	link	between	the	feedback	and	the	products	automatically	and	quickly.	

To	 train	 the	 batch	 customiser	model,	 three	 successful	 MIMO	 algorithms	 from	 task	

group	1	were	selected,	i.e.	EXTREE,	RF	and	the	Deep	ANN.	The	task	group	compared	

the	IFLLA	with	IFLLAI	and	established	the	significance	of	initialisation	of	for	adaptation	

process.	



 

	

194 

The	EXTREE	performed	significantly	better	than	the	ANN	and	RF	algorithms	as	a	batch	

customiser	algorithm.	The	deep	ANN	was	able	to	reduce	the	batch	formulation	error	

more	 quickly	 at	 the	 beginning	 of	 the	 process.	 However,	 the	 ANN	 suffered	 from	

performance	fluctuations	due	to	overfitting	to	the	small	adaptation	dataset	during	the	

first	iterations	of	production-learning.	Hence,	it’s	feedback	learning	rate	was	decrease	

after	iteration	five.	The	EXTREE	was	able	to	constantly	improve	on	the	accuracy	of	the	

formulations	over	several	 iterations	of	production-learning.	ANN	and	EXTREE	could	

produce	 significantly	 more	 accurate	 formulations	 after	 the	 third	 iteration	 of	

production-learning,	 lowering	 the	 formulations’	 errors	 up	 to	 32%	 and	 26%	

respectively.	The	EXTREE	was	able	to	produce	71%	more	accurate	personalised	skin-

care	formulations	after	the	50th	iteration	of	production-learning.	

The	task	group	finally	performed	knowledge	transfer	from	the	batch	customiser	model	

to	 the	 core	ML	model.	 It	 aimed	 to	 improve	 the	 core	model’s	 initial	 knowledge	 via	

incremental	training.	The	core	model	predictions	became	44%	more	accurate	for	the	

same	adaptation	batch	after	the	incremental	learning	while	its	overall	knowledge	was	

also	improved	by	15%.	The	improvement	to	the	overall	knowledge	of	the	core	model	

was	 validated	 by	 predicting	 its	 initial	 training	 set	 before	 and	 after	 the	 knowledge	

transfer.	

The	 third	 task	group	compared	 the	performance	of	 the	models	 trained	on	different	

predictor	sets,	aiming	to	reduce	the	number	of	skin-measurements	used	for	prediction	

of	personalised	skin-care	formulations.	The	MLAs	were	trained	either	on	physical	skin-

measurements,	 biochemical	 skin-measurements	 or	 combination	 of	 the	 two.	

Additionally,	the	impact	of	additional	intermediate	expert	features	combined	with	each	

feature	set	was	discussed	on	the	accuracy	of	the	generated	formulations.	

The	task	group	results	showed	feasibility	of	using	only	physical	skin-measurements	as	

predictors	 of	 the	 model	 for	 generation	 of	 skin-care	 products.	 Physical	 skin-

measurements	combined	with	the	 intermediate	 features	were	able	to	produce	skin-

care	 formulations	 as	 precise	 as	 the	 combination	 of	 physical	 and	 biochemical	 skin-

measurements.	This	has	the	potential	reduce	measurement	and	production	times	and	

helps	reducing	skin-sampling	and	 laboratory	costs	and	efforts,	as	 the	physical	 skin-

measurements	 can	 be	 obtained	 directly	 through	 non-invasive	 skin-sampling	 as	

explained	in	chapter	4.		
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It	 is	 important	 to	 note	 that	 unlike	 the	 EFG,	 AFPSP	 enables	 modification	 of	 the	

predictors	 to	 find	 the	 right	 balance	 between	 the	 precision,	 adaptation	 rate	 and	

associated	costs.	

The	framework	opens	a	wide	variety	of	opportunities	to	a	dermatologist	for	evaluating	

the	 impact	 of	 skin-measurements.	 It	 also	 enables	 adding	 new	 parameters	 to	 the	

predictors	of	the	system	and	evaluating	their	effects	on	the	system	efficiency	and	the	

accuracy	of	the	produced	formulations.		

The	results	achieved	in	the	task	groups	can	be	further	improved	after	operating	the	

system	in	real-time	and	receiving	additional	real	patients’	data.	The	improvement	on	

the	formulations	is	expected	to	continue	in	real	time	operation	until	it	surpasses	the	

precision	and	effectiveness	of	the	formulations	generated	by	the	rigid	EFG.		 	
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6 Recapitulation	and	Perspectives	
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6.1 Research	overview	and	goals	review	
The	research	work	presented	in	this	thesis	was	aimed	to	develop	a	framework	to	unify	

and	facilitate	the	design	of	production	systems	for	mass	personalisation	of	skin-care	

products	 (AFPSP).	 It	 addressed	 the	 application	 of	 machine	 learning	 and	 more	

specifically	 supervised	 learning	 techniques	 in	personalisation	of	 cosmetic	 products’	

formulations	through	personalising	their	ingredients.		

The	research	was	focused	on	two	main	concepts	represented	as	two	modules	of	the	

proposed	 framework:	 1)	main	 production	 system	 initially	 gaining	 knowledge	 from	

expert	 knowledge	 and	 then	 directly	 from	 patients’	 data;	 2)	 adaptation	 system	 to	

further	personalise	products	using	patient	feedback	and	updating	the	main	production	

system.		

The	 proposed	 framework	 enables	 benefiting	 from	 different	 ML	 algorithms	 for	 its	

modules	as	two	independent	supervised	learning	algorithms	were	employed	in	these	

modules.	This	 thesis	proposed	using	 instance-based	 transfer	 learning	 techniques	 to	

transfer	knowledge	between	the	two	supervised	learning	algorithms	(learners).	It	also	

proposed	a	novel	feedback	learning	algorithm	(IFLLAI)	to	improve	the	generated	skin-

care	 formulations	 via	 the	 feedback	 provided	 by	 the	 patients	 after	 using	 the	

personalised	products.	

Since	the	thesis	focused	on	the	supervised	learning	branch	of	ML,	the	performance	of	

several	MLAs	as	inference	engines	for	the	both	modules	of	the	AFPSP	was	evaluated.	

The	models	built	by	these	algorithms	acted	as	short	term	and	long-term	memories	of	

the	 system,	 where	 the	 short-term	 memory	 updates	 and	 improves	 the	 long-term	

memory	over	time	through	incremental	learning.		

The	following	objectives	were	carried	out	throughout	this	study	to	meet	the	overall	

goal	of	the	proposed	research	work:	

	

1. Analyse	the	connection	between	human	skin	measurements	and	suitable	skin-

care	formulations	using	a	real	dataset	of	skin-measurements	and	personalised	

skin-care	formulations.	

2. Determine	 the	 linear	 and	 non-linear	 correlations	 between	 the	 human	 skin	

measurements	and	 their	 contribution	 to	generation	of	 the	 ingredients	of	 the	

personalised	skin-care’s	formulations.	
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3. Create	a	large	dataset	of	simulated	skin-care	measurements	and	personalised	

skin-care	 ingredients	 for	 training	 the	MLAs	using	 the	combination	of	a	 small	

dermatological	dataset	and	a	skin-care	formulation	generator	(expert	system).	

4. Compare	and	select	the	most	performant	MLAs	for	generation	of	personalised	

skin-care	from	the	main	families	of	MLAs.	

5. Develop	and	train	a	core	production	model	to	predict	different	ingredients	of	

the	skin-care	formulations.	

6. Investigate	 the	 feasibility	 of	 incremental	 learning	 for	 automated	 model	

refinement	when	the	system	is	operational	and	receiving	new	patient	data	to	

improve	on	initially	limited	system	inference.	

7. 	Incorporate	patient’s	feedback	in	personalisation	of	the	skin-care	formulations	

and	refine	the	formulations	for	the	returning	patients	over	time.	

8. Propose	a	fast,	cost	effective	and	automatically	maintained	framework	for	mass	

personalisation	of	skin-care	products	by	combining	the	mentioned	procedures.	

9. Study	the	impacts	of	different	types	of	skin	measurements	on	the	performance	

of	 the	proposed	framework	during	personalisation	of	skin-care	products	and	

investigate	feasibility	of	feature	set	alteration.	

	
	

6.2 Thesis	summary	
In	order	to	elucidate	the	concepts	of	“incremental	learning”,	“personalised	skin-care”	

and	“mass	personalisation”,	an	overview	of	these	fields	was	provided	in	Chapter	1.	

The	 significance	 of	 dermatological	 and	 skin-care	 industry	 specially	 for	 the	 elderly	

population	was	outlined	in	this	chapter	both	as	a	remedy	and	a	significant	economic	

force	in	the	global	market.	The	impact	of	precisely	designed	solutions	for	severe	skin	

conditions	was	explained	and	the	costs	associated	with	personalised	skin-care	and	as	

a	 result	 a	 growth	 in	 self-diagnosis	 of	 skin	 conditions	 was	 discussed.	 This	 was	

recognised	as	one	of	the	main	reasons	for	people’s	tendency	to	purchase	off-the-shelf	

skin-care	products	instead	of	precisely	designed	and	more	effective	solutions.	

The	process	and	open	issues	associated	with	the	development	of	intelligent	systems	in	

biology,	 medicine	 and	 dermatology	 were	 described	 and	 the	 limitations	 of	 these	

systems	were	 explained.	 The	 chapter	 introduced	 intelligent	 systems	 as	 offspring	 of	

Artificial	Intelligence	(AI),	summarised	their	history	and	function	specifically	in	mass	

personalisation.	
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Using	medical	 trials	 for	 generation	 of	 biomedical	 data	 was	 also	 discussed	 and	 the	

limitations	 associated	 with	 the	 data	 acquired	 in	 this	 way	 were	 explained	 from	 a	

machine	learning	point	of	view.	Additionally,	the	chapter	discussed	the	importance	of	

this	study	in	enhancement	of	the	current	medical	and	dermatological	expert	systems	

that	are	widely	used	in	prototypes	in	these	sectors.		

Furthermore,	machine	learning	was	classed	into	three	categories:	supervised	Learning,	

unsupervised	 learning	 and	 reinforcement	 learning.	 Three	 enhanced	 supervised	

learning	 techniques	 were	 also	 described	 to	 further	 facilitate	 cross	 algorithm	 and	

iterative	 learning	 i.e.	 Transfer	 learning	 (TL),	 incremental	 learning	 (IL)	 and	 active	

learning	(AL).	IL	and	TL	techniques	were	employed	in	the	research	presented	in	this	

thesis	to	develop	the	proposed	AFPSP.	Finally,	the	chapter	outlined	the	research	goals	

and	overview	of	the	thesis.	

Since	AFPSP	combines	three	machine	learning	paradigms:	supervised	learning,	IL	and	

TL,	chapter	2	provided	an	overview	of	the	machine	learning	and	incremental	learning	

algorithms.	AFPSP	employs	1)	supervised	learning	to	identify	the	links	between	human	

skin	biomarkers	and	personalised	skin-care	formulations,	2)	IL	to	continue	learning	

from	new	patients’	data;	and	3)	TL	to	transfer	the	knowledge	between	MLAs,	from	the	

core	formulation	generator	model	to	the	adaptive	learning	model	and	vice	versa.		

MLAs	 used	 in	 the	 research	were	 described	 in	 detail	with	 references	 to	 the	 related	

research	studies	involving	them.	Additionally,	the	chapter	discussed	main	principles	of	

training	supervised	 learning	algorithms	 for	 tasks	 involving	single	or	multiple	 target	

variables.	It	also	reviewed	common	issues	in	training	and	evaluation	of	the	MLAs	and	

the	solutions	to	resolve	these	common	issues.		

The	methods	and	algorithms	for	multi	target	(MIMO)	and	stacked	single	target	(MISO)	

ML	modelling	were	discussed	in	this	chapter.	The	main	families	of	the	machine	learning	

algorithms	such	as	conventional	MLAs,	artificial	neural	networks	and	more	specifically	

the	deep	learning	were	reviewed	in	this	chapter.	The	literature	review	emphasised	the	

importance	of	the	ensemble	rule-based	algorithms	and	their	ability	to	associate	logical	

and	mathematical	rules	to	the	data	points.	

Chapter	3	describes	the	proposed	framework	for	production	of	personalised	skin-care,	

AFPSP	in	detail.	The	modules	and	units	of	this	framework	were	explained,	and	several	

novel	algorithms	and	techniques	were	introduced	to	enable	interaction	and	knowledge	

transfer	between	the	modules.	The	chapter	proposed	two	procedures	for	development	

of	the	AFPSP’s	main	modules;	production-ready	and	self-adaptation.	
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AFPSP	introduced	a	primary	ML	model	for	the	core	formulation	production	unit	(CFU),	

which	is	trained	on	the	artificial	dataset	of	patients’	skin	profiles	and	their	associated	

skin-care	 formulations.	 The	 initial	 skin-care	 formulations	were	 generated	 after	 the	

initial	 inference	 by	 this	 unit.	 The	 chapter	 explained	 the	 training	 stage	 of	 the	

production-ready	module	and	the	requirement	for	expert	supervision	via	providing	a	

training	set.	

AFPSP	divided	the	product	requests	from	the	patients	into	new	requests	and	returning	

patients	requests.	AFPSP	employed	a	secondary	model	in	its	Adaptation	Unit	(AU)	to	

adaptively	and	iteratively	improve	on	the	produced	skin-care	formulations	by	learning	

the	patients’	preferences	from	their	feedback.	The	adaptation	task	in	this	framework	is	

performed	 by	 temporary	ML	models	 built	 on	 batches	 of	 patients	with	 low	product	

scores,	referred	to	as	adaptation	batches,	using	the	proposed	IFLLAI	technique.	

The	 IFLLAI	 creates	 temporary	 adaptation	 datasets	 by	 combining	 the	 core	 model’s	

knowledge	 and	 the	 iterative	 patient	 feedback	 provided	 for	 a	 batch	 of	 formulations	

(adaptation	batch).	Adaptation	dataset	is	made	by	combining	the	adaptation	batch	and	

similar	 observations	 to	 this	 batch	 from	 the	PPF	database.	 The	 similar	 observations	

extracted	from	the	core	model’s	training	database	(PPF)	transfer	knowledge	from	this	

primary	 learner	 to	 the	 secondary	 learner	or	 the	batch	 customiser.	This	enables	 the	

algorithm	in	batch	customiser	to	infer	the	relation	between	the	patient	feedback	and	

produced	 formulations	 and	 to	 use	 this	 inference	 to	 improve	 on	 the	 produced	

formulations.	The	improved	formulations	are	then	used	to	incrementally	train	the	core	

model	and	improve	on	its	general	skin-care	production	inference.	

The	complete	system	in	real-time	was	described	as	one	core	model	for	producing	the	

skin-care	products	and	clusters	of	temporary	batch-customiser	models	for	adapting	to	

patient’s	requirements	over	time	and	transferring	the	knowledge	to	the	core	model.	

The	system’s	simplified	unit	connections	are	provided	in	Figure	6.1.	



 

	

201 

	
Figure	6.1.	Overall	unit	connection	for	the	production	system	based	on	the	AFPSP.	One	core	model	produces	the	
skin-care	 products.	Multiple	 temporary	 batch-customiser	models	 adapt	 the	 produced	 formulations	 to	 patient’s	
requirements	over	time	and	transfer	the	acquired	knowledge	to	the	core	model.	

Chapter	 4	 provides	 insights	 about	 preparing	 the	 case	 study	 and	 an	 initial	 training	

dataset	for	the	task	groups	conducted	in	this	thesis.	It	introduced	skin-measurements	

involved	 in	 the	work,	 sampling	 the	human	 skin	 and	 the	 limitations	of	 the	 available	

dataset	of	skin-measurements	which	is	gathered	through	a	medical	trial.	This	chapter	

proposed	expanding	the	observations	of	 the	 initial	dataset	of	skin-measurements	to	

better	suit	MLA	training	and	evaluation.	The	process	of	upscaling	and	expansion	of	this	

dataset	 is	 demonstrated	 using	 the	 expansion	 process	 introduced	 and	 embedded	 in	

AFPSP,	in	chapter	3.	Finally,	the	statistical	characteristics	of	the	original	and	expanded	

datasets	are	compared	and	the	similarity	of	the	two	are	discussed.	A	classification	test	
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was	 designed	 to	 compare	 the	 performance	 of	 MLAs	 trained	 on	 the	 simulated	 and	

original	datasets.	In	this	test	an	algorithm	was	being	trained	on	one	of	the	two	datasets	

and	being	evaluated	on	the	other	unseen	dataset.	The	classifications	performed	by	the	

algorithm	 trained	 on	 the	 simulated	 dataset	 were	 more	 precise	 and	 had	 a	 higher	

number	of	true	positive	predictions	and	a	higher	recall.	A	second	test	performed	leave	

one	 out	 validation	 on	 both	 datasets.	 The	 additional	 observations	 in	 the	 simulated	

dataset	enabled	it	to	achieve	a	higher	accuracy	compared	to	the	original	dataset	in	this	

test.	The	tests	showed	that	there	is	an	increase	in	the	initial	accuracy	of	the	generated	

formulations	when	being	trained	on	the	expanded	dataset	in	comparison	with	using	

the	original	dataset.		

Chapter	5	provides	empirical	evidence	and	quantitative	measures	for	validation	of	the	

AFPSP.	The	chapter	evaluated	the	accuracy,	flexibility	and	overall	performance	of	the	

AFPSP	by	comparing	it	to	an	expert	system	for	personalised	skin-care	referred	to	as	

EFG.	The	chapter	 introduced	several	 task	groups	 targeting	 the	main	modules	of	 the	

proposed	 framework.	 Additionally,	 the	 chapter	 assessed	 the	 impact	 of	 feature	

enrichment	and	feature	reduction	on	the	performance	models	in	the	framework.	The	

feasibility	of	feature	reduction	with	an	aim	to	lower	the	skin-sampling	costs	and	model	

complexity	was	also	discussed	in	this	chapter.	

The	 first	 task	 group	 in	 chapter	 5	 aimed	 at	 selecting	 the	most	 suitable	multi	 target	

strategy	 and	 algorithm	 for	 predicting	 ingredients	 of	 the	 skin-care	 formulations.	 A	

combination	of	a	MIMO	regressor	for	and	a	stacked	MISO	classifier	for	predicting	the	

bases	of	the	personalised	formulations	was	selected	as	the	main	modelling	strategy	as	

a	result	of	this	test.	

Additionally,	a	deep	learning	architecture	was	proposed	for	the	core	model,	that	could	

outperform	 the	 well-known	 conventional	 MLAs	 that	 were	 natively	 capable	 of	

performing	MIMO	tasks,	i.e.	the	EXTREE	and	RF.	This	architecture	was	used	to	train	

and	prepare	the	core	model	for	generating	the	active	ingredients	of	the	personalised	

formulations	in	the	second	task	group.	

The	production-ready	and	self-adaptation	modules	of	the	AFPSP	were	evaluated	in	the	

second	 task	 group.	 The	 significance	 of	 using	 the	 AU	 in	 the	 framework	 was	 then	

established	by	analysing	direct	implementation	of	the	patients’	feedback	into	the	core	

model.		

Initially	 introduced	in	chapter	3,	this	task	group	evaluated	knowledge	transfer	from	

the	 core	model	 to	 the	 batch	 customiser	model	 prior	 to	 the	 start	 of	 the	 adaptation	
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process.	This	process	has	been	a	significant	step	to	ensure	that	the	batch	customiser	is	

able	to	learn	the	link	between	the	feedback	and	the	products	automatically	and	quickly.	

To	 train	 the	 batch	 customiser	model,	 three	 successful	 MIMO	 algorithms	 from	 task	

group	1	were	selected,	i.e.	EXTREE,	RF	and	the	Deep	ANN.	The	task	group	compared	

the	IFLLA	with	IFLLAI	and	established	the	significance	of	initialisation	of	for	adaptation	

process.	

The	EXTREE	performed	significantly	better	than	the	ANN	and	RF	algorithms	as	a	batch	

customiser	algorithm.	The	deep	ANN	was	able	to	reduce	the	batch	formulation	error	

more	 quickly	 at	 the	 beginning	 of	 the	 process.	 However,	 the	 ANN	 suffered	 from	

performance	fluctuations	due	to	overfitting	to	the	small	adaptation	dataset	during	the	

first	iterations	of	production-learning.	Hence,	it’s	feedback	learning	rate	was	decrease	

after	iteration	five.	The	EXTREE	was	able	to	constantly	improve	on	the	accuracy	of	the	

formulations	over	several	 iterations	of	production-learning.	ANN	and	EXTREE	could	

produce	 significantly	 more	 accurate	 formulations	 after	 the	 third	 iteration	 of	

production-learning,	 lowering	 the	 formulations’	 errors	 up	 to	 32%	 and	 26%	

respectively.	The	EXTREE	was	able	to	produce	71%	more	accurate	personalised	skin-

care	formulations	after	the	50th	iteration	of	production-learning.	

Finally,	knowledge	acquired	by	the	AU	was	transferred	to	the	CFU	and	the	core	model	

was	 incrementally	 trained	by	 instance	 transfer.	The	performance	of	 the	core	model	

after	the	knowledge	transfer	showed	a	significant	40%	improvement	on	the	accuracy	

of	the	produced	skin-care	formulations.			

	

6.3 Novel	contributions	of	the	thesis	
This	thesis	introduces	an	incremental	learning	framework	for	mass	personalisation	of	

skin-care	 products.	 It	 focused	 on	 developing	 a	 machine	 learning	 framework	 that	

improves	 the	performance	and	 flexibility	of	an	expert-system	 for	personalisation	of	

skin-care	products.	This	research	addresses	the	problem	of	small	data	and	cold	start	in	

dermatological	prototypes	when	it	comes	to	the	training	and	refinement	of	machine	

learning	 techniques.	 This	 research	 proved	 the	 benefits	 of	 using	 applied	 machine	

learning	even	when	the	training	set	for	an	initial	ML	model	is	limited	in	size.		

The	 main	 feature	 of	 the	 AFPSP	 is	 requiring	 minimal	 supervision	 from	 the	

dermatologists,	especially	after	the	system	starts	operating	in	real-time.	The	system	

built	under	this	framework,	utilises	the	patients’	feedback	as	guidance	to	improve	on	

the	produced	skin-care	formulations.	This	results	in	significant	reductions	in	costs	of	
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maintenance	 and	 model	 alteration	 as	 the	 knowledge	 generation	 and	 knowledge	

improvement	 is	 performed	 automatically	 and	 by	 data	 driven	 approaches	 using	ML	

techniques.	

AFPSP	has	the	potential	to	incorporate	external	data	as	predictors	to	further	improve	

the	 skin-care	 products	 or	 better	 customise	 them	 in	 different	weather	 and	 seasonal	

conditions.	Incorporating	such	information	is	not	possible	when	generating	skin-care	

products	by	an	expert,	as	it	uses	predefined	sets	of	rules	and	requires	a	constant	flow	

of	the	certain	predictors/inputs	to	function.	This	further	emphasizes	the	flexibility	of	

the	proposed	AFPSP.		

The	results	obtained	in	this	work	provide	an	evidence	that	there	is	no	unique	way	to	

design	 feedback	 processing	 systems	 hence,	 using	 machine	 learning	 is	 a	 suitable	

approach	to	infer	the	link	between	the	feedback	and	the	product	automatically.		

This	 work	 proposes	 several	 novelties	 in	 the	 fields	 personalised	 skin-care,	 mass	

personalisation	of	products	and	iterative	feedback	learning.	Below	is	a	list	of	the	novel	

contributions	and	techniques	introduced	in	this	work.	

	

1. Generation	of	a	balanced	artificial	dataset,	consisting	of	14	skin-measurement	

as	predictors	and	base,	 actives	and	preservatives	of	 corresponding	 skin-care	

formulations	as	target	variables.	This	dataset	can	be	used	to	train	an	MLA	for	

production	 of	 personalised	 skin-care.	 The	 proposed	 dataset	 expansion	

technique	 can	 help	 keeping	 the	 structure	 of	 the	 dataset	 gathered	 through	

medical	trials	as	much	as	possible	when	expanding	the	dataset.	The	technique	

enables	 initiating	 the	 system	 under	 AFPSP	 even	 with	 a	 small	 number	 of	

observations	 i.e.	 trial	 volunteers	 to	 further	 reduce	 sampling	 and	 processing	

costs.	

2. Novel	 IFLLAI	 technique	 for	 iterative	 feedback	 learning	via	machine	 learning.	

The	proposed	technique	proved	that	MLAs	can	automatically	infer	the	customer	

preferences	 by	 finding	 the	 relations	 between	 a	 product	 and	 a	 repeatedly	

provided	 feedback.	 It	 enables	 separating	 the	 production	 and	 adaptation	

procedures	 to	 avoid	 any	 intermediate	 negative	 impact	 of	 adaptation	 on	 the	

main	production	learner’s	performance.	It	also	reduces	the	number	of	required	

retraining	for	the	main	production	model.	Retraining	the	main	learner	is	a	costly	

procedure	specially	as	the	training	data	grows.		
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3. Statistical	 and	 correlation	 analysis	 of	 the	 physical	 and	 biochemical	 skin-

measurements	and	feasibility	of	feature	reduction	based	on	their	interrelations	

prior	 to	 modelling.	 This	 analysis	 can	 help	 finding	 the	 optimal	 skin-

measurements	to	balance	accuracy	and	costs	for	producing	skin-care	products.	

It	can	also	be	used	to	eliminate	a	certain	measurement	or	measurement	type	

from	trials	prior	to	developing	the	production	system.	

4. Framework	 for	 producing	 personalised	 skin-care	 products	 using	 iterative	

learning	through	patients’	feedback.	This	framework	consists	of	two	ML	models	

for	production	and	refinement	of	the	products.	The	framework	structures	the	

process	 of	 producing	 personalised	 skin-care	 and	 adds	 flexibility	 to	 current	

expert	 system-based	 approaches,	 using	 state	 of	 the	 art	 machine	 learning	

techniques.	 It	also	enables	automatic	 incorporation	of	patients’	requirements	

over	time	by	iterative	feedback	learning.	 	AFPSP	enables	benefiting	from	two	

MLAs	 for	 main	 production	 and	 adaptation.	 This	 allows	 choosing	 the	 most	

performant	algorithms	each	for	the	main	production	and	adaptation	models.		

5. Analysis	of	 the	 impact	of	different	 types	of	 skin-care	measurements,	 and	 the	

impact	of	using	expert	knowledge	as	additional	feature	sets	on	the	performance	

of	the	proposed	framework.	The	formulation	accuracy	of	the	core	model	and	the	

learning	 rate	 of	 the	 adaptation	model	 were	 analysed	 on	 various	 biomedical	

feature	 sets.	 Despite	 the	 correlation	 tests,	 this	 analysis	 reveals	 non-linear	

relations	between	the	measurements	and	skin-care	formulations.	It	can	be	used	

to	test	new	predictors	on	the	system	to	increase	performance	or	to	decrease	the	

number	of	predictors	and	reduce	costs	and	speed	up	the	learning	process.		

6. Conversion	 of	 a	 limited	 knowledge	 based	 to	 a	 transferable	 and	 machine-

readable	self-improving	dermatological	knowledge	bank	which	can	be	used	for	

training	 other	 models	 through	 transfer	 learning.	 The	 core	 model	 of	 the	

proposed	framework	gains	valuable	knowledge	of	producing	personalised	skin-

care	which	can	be	a	valuable	source	of	knowledge	when	transferred	to	models	

aiming	to	perform	similar	tasks.	It	can	also	be	used	as	an	initial	knowledge	base	

for	model	performing	personalisation	of	different	skin-care	products.	

7. Proved	 feasibility	of	using	 supervised	 learning	 in	production	of	personalised	

skin-care	 and	 its	 benefits	 over	 traditional	methods	 and	 expert	 systems.	 The	

work	has	proven	that	even	with	smaller	biomedical	datasets	there	is	a	chance	
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of	connecting	human	skin	biomarkers	and	ingredients	of	a	personalise	skin-care	

formulation.		

8. An	 application	 of	 machine	 learning	 in	 the	 field	 of	 dermatology.	 This	 work	

applied	 machine	 learning	 techniques	 to	 generate	 and	 personalise	 the	

ingredients	of	the	dermatological	products.	

9. Low	storage	requirements.	The	main	storage	unit	of	the	AFPSP	is	the	PPF.	The	

adaptation	datasets	are	only	stored	temporarily	and	are	discarded	at	the	end	of	

the	adaptation	process	after	a	number	of	production-learning	cycles.	This	main	

unified	storage	facilitates	storage	management	and	data	warehousing.	

	
6.4 Limitations	and	future	work	
This	thesis	offers	a	unified	framework	for	producing	personalised	skin-care,	however	

several	points	should	be	considered	when	reading	it.	These	points	are	listed	below:	

	

1. The	work	has	focused	on	supervised	learning	techniques.	The	proposed	IFLLAI	

algorithm	also	uses	a	supervised	learning	algorithm	that	is	being	retrained	over	

an	adaptive	training	set.	The	core	production	model	involved	in	the	framework	

is	 also	 built	 using	 a	 supervised	 learning	 model.	 This	 model	 is	 being	

incrementally	trained	over	knowledge	that	is	transferred	from	the	adaptation	

unit.	 Hence	 in	 addition	 to	 supervised	 learning,	 transfer	 and	 incremental	

learning	shape	the	core	of	this	research.	Although	reinforcement	learning	was	

out	of	the	scope	of	this	work,	investigating	a	reinforcement	learning	solution	for	

feedback	learning	is	suggested	for	further	study.	

2. Although	the	framework	theoretically	introduced	and	enabled	the	use	of	time-

variant	 and	 multidimensional	 external	 data	 (for	 instance,	 skin	 images	 and	

season	and	weather	data),	this	thesis	has	not	evaluated	the	impact	of	such	data	

on	the	personalisation	of	the	products.	The	reason	for	this	is	not	having	access	

to	skin-images	or	time	stamps	of	the	generated	skin-care	formulations	that	are	

related	 to	 the	 skin-measurement	 dataset	 used	 for	 the	 case	 study.	 Since	 the	

introduced	models	connect	such	multi-dimensional	or	time-series	data	to	the	

skin	measurements	and	skin-care	formulations,	it	is	essential	that	the	external	

data	is	relevant	to	the	original	predictors	of	the	dataset,	i.e.	skin-measurements	

and	personalised	preferences.	Therefore,	 this	 study	 suggests	 investigation	of	

the	impact	of	such	data	 if	 there	is	access	so	such	a	comprehensive	dataset	of	
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skin	profile,	images	and/or	time	stamps	for	the	produced	formulations	as	the	

framework	enables	this	investigation.	Additionally,	storing	information	such	as	

time-stamps	 for	 the	 generated	 formulations	 and	 received	 feedback	 is	 highly	

encouraged	during	data	gathering	through	medical	trials	to	enable	benefiting	

from	them.	As	explained	in	chapter	3,	such	data	helps	with	the	enhancement	of	

the	personalisation	of	skin-care	products	through	the	AFPSP.	

3. As	 explained	 earlier	 personalised	 skin-care	 products	 are	 very	 similar	 to	 the	

personalised	medicine	 in	nature,	 although	 there	 is	 a	higher	 sensitivity	about	

producing	 personalised	 medicine.	 However,	 AFPSP	 enables	 producing	

personalised	 skin-care	 and	 automatically	 improving	 on	 them	 it	 can	 be	

generalised	 to	 be	 used	 for	 personalised	 medicine	 and	 drugs.	 Therefore,	

investigation	of	the	framework	on	similar	areas	such	as	personalised	medicine	

is	highly	encouraged.	

	

As	explained	in	chapter	2	there	are	very	few	studies	on	practical	incremental	learning.	

This	thesis	is	another	practical	study	in	the	field	of	incremental	learning	and	transfer	

learning.	
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Appendices	
	

Appendix	1	

The	10-fold	cross	validation	results	predicting	the	25	actives	of	the	personalised	skin-

care	via	MISO	strategy.	
	

Active	1	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.016	 0	 0	 0	 0.007	 0	 0	 0	

fold_1	 0.021	 0	 0	 0	 0.004	 0	 0	 0	

fold_2	 0.082	 0	 0	 0	 0.013	 0	 0	 0	

fold_3	 0.022	 0	 0	 0	 0.002	 0	 0	 0	

fold_4	 0.02	 0.419	 0	 0	 0.029	 0.054	 0.002	 0	

fold_5	 0.324	 0.126	 0.126	 0.126	 0.253	 0.045	 0.08	 0.141	

fold_6	 0.199	 0	 0	 0	 0.031	 0	 0	 0.002	

fold_7	 0.182	 0.128	 0.215	 0.215	 0.089	 0.078	 0.054	 0.025	

fold_8	 0.109	 0	 0	 0	 0.008	 0	 0	 0	

fold_9	 0.024	 0	 0	 0	 0.008	 0	 0	 0	

mean	
metric	

0.1	 0.067	 0.034	 0.034	 0.044	 0.018	 0.014	 0.017	

std	
metric	

0.105	 0.134	 0.075	 0.075	 0.078	 0.029	 0.029	 0.044	

	

	

Active	2	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.011	 0	 0	 0	 0	 0	 0	 0.003	

fold_1	 0.021	 0	 0	 0	 0.003	 0	 0	 0	

fold_2	 0.406	 0.093	 0	 0	 0.424	 0	 0	 0	

fold_3	 0.199	 0.16	 0	 0	 0.052	 0	 0	 0	

fold_4	 0.306	 0.419	 0	 0	 0.128	 0.047	 0	 0.002	

fold_5	 0.243	 0.126	 0.126	 0.126	 0.314	 0.02	 0.08	 0.336	

fold_6	 0.037	 0	 0	 0	 0.001	 0	 0	 0.008	

fold_7	 0.04	 0	 0	 0	 0.028	 0	 0	 0	

fold_8	 0.027	 0	 0	 0	 0.007	 0	 0	 0	

fold_9	 0.017	 0	 0	 0	 0.008	 0	 0	 0	

mean	
metric	 0.131	 0.08	 0.013	 0.013	 0.097	 0.007	 0.008	 0.035	

std	
metric	 0.146	 0.134	 0.04	 0.04	 0.151	 0.015	 0.025	 0.106	
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Active	3	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.011	 0	 0	 0	 0.006	 0	 0	 0.003	

fold_1	 0.02	 0	 0	 0	 0.003	 0	 0	 0	

fold_2	 0.275	 0.093	 0	 0	 0.274	 0	 0	 0	

fold_3	 0.107	 0.16	 0	 0	 0.048	 0	 0	 0	

fold_4	 0.128	 0	 0	 0	 0.116	 0	 0	 0	

fold_5	 0.024	 0	 0	 0	 0.05	 0	 0	 0.029	

fold_6	 0.068	 0	 0	 0	 0.006	 0	 0	 0	

fold_7	 0.071	 0	 0	 0	 0.028	 0	 0	 0	

fold_8	 0.047	 0	 0	 0	 0.007	 0	 0	 0	

fold_9	 0.019	 0	 0	 0	 0.007	 0	 0	 0	

mean	
metric	 0.077	 0.025	 0	 0	 0.054	 0	 0	 0.003	

std	
metric	 0.08	 0.056	 0	 0	 0.085	 0	 0	 0.009	

	

	
Active	4	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.199	 0.006	 0	 0	 0.08	 0	 0	 0	

fold_1	 0.303	 0.023	 0	 0	 0.467	 0	 0	 0	

fold_2	 0.302	 0.003	 0	 0	 0.495	 0	 0	 0	

fold_3	 0.291	 0	 0	 0	 0.226	 0	 0	 0	

fold_4	 0.92	 0.052	 0	 0	 1.268	 0.096	 0	 0	

fold_5	 0.038	 0	 0	 0	 0.051	 0	 0	 0	

fold_6	 0.022	 0	 0	 0	 0.009	 0	 0	 0	

fold_7	 0.031	 0	 0	 0	 0.007	 0	 0	 0	

fold_8	 0.026	 0	 0	 0	 0.005	 0	 0	 0	

fold_9	 0.02	 0	 0	 0	 0.003	 0	 0	 0	

mean	
metric	 0.215	 0.008	 0	 0	 0.261	 0.01	 0	 0	

std	
metric	 0.278	 0.017	 0	 0	 0.401	 0.03	 0	 0	
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Active	5	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.062	 0	 0	 0	 0.028	 0	 0	 0	

fold_1	 0.047	 0	 0	 0	 0.049	 0	 0	 0	

fold_2	 0.155	 0	 0.004	 0.01	 0.032	 0	 0	 0	

fold_3	 0.103	 0	 0	 0.005	 0.145	 0.001	 0	 0	

fold_4	 0.649	 0.052	 0	 0	 0.742	 0.006	 0	 0	

fold_5	 0.108	 0	 0	 0	 0.046	 0	 0	 0	

fold_6	 0.58	 0.01	 0.259	 0.589	 0.511	 0.442	 0.002	 0.001	

fold_7	 0.156	 0.052	 0.215	 0	 0.131	 0.106	 0.106	 0.091	

fold_8	 0.154	 0	 0	 0	 0.021	 0	 0	 0	

fold_9	 0.025	 0	 0	 0	 0.008	 0	 0	 0	

mean	
metric	 0.204	 0.011	 0.048	 0.06	 0.171	 0.055	 0.011	 0.009	

std	
metric	 0.222	 0.021	 0.1	 0.186	 0.25	 0.14	 0.033	 0.029	

	

	
Active	6	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.015	 0	 0	 0	 0.016	 0	 0	 0.002	

fold_1	 0.032	 0	 0	 0	 0.004	 0	 0	 0	

fold_2	 0.023	 0	 0	 0	 0.002	 0	 0	 0	

fold_3	 0.014	 0	 0	 0	 0.008	 0	 0	 0	

fold_4	 0.052	 0	 0	 0	 0.021	 0	 0	 0	

fold_5	 0.027	 0	 0	 0	 0.007	 0	 0	 0	

fold_6	 0.26	 0.01	 0	 0	 0.203	 0	 0	 0.001	

fold_7	 0.068	 0.052	 0.215	 0.215	 0.06	 0.078	 0.034	 0.084	

fold_8	 0.056	 0	 0	 0	 0.009	 0	 0	 0	

fold_9	 0.012	 0	 0	 0	 0.003	 0	 0	 0	

mean	
metric	 0.056	 0.006	 0.022	 0.022	 0.033	 0.008	 0.003	 0.009	

std	
metric	 0.074	 0.016	 0.068	 0.068	 0.062	 0.025	 0.011	 0.026	

	

	
	 	



 

	

233 

Active	7	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.634	 0.699	 0	 0	 1.507	 0.028	 0.112	 1.374	

fold_1	 0.385	 0	 0	 0.037	 0.337	 0	 0	 0	

fold_2	 0.198	 0.095	 0.129	 0	 0.176	 0.131	 0	 0.058	

fold_3	 0.066	 0	 0	 0	 0.015	 0	 0	 0	

fold_4	 0.053	 0	 0	 0	 0.006	 0	 0	 0	

fold_5	 0.146	 0	 0	 0	 0.017	 0	 0	 0	

fold_6	 0.117	 0	 0	 0	 0.188	 0	 0	 0.018	

fold_7	 0.13	 0	 0	 0	 0.043	 0	 0	 0	

fold_8	 0.127	 0	 0	 0	 0.069	 0	 0	 0	

fold_9	 0.506	 0	 0	 0.686	 0.43	 0.008	 0	 0	

mean	
metric	 0.236	 0.079	 0.013	 0.072	 0.279	 0.017	 0.011	 0.145	

std	
metric	 0.201	 0.22	 0.041	 0.216	 0.455	 0.041	 0.035	 0.432	

	

	
Active	8	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.157	 0	 0	 0	 0.247	 0	 0	 0.662	

fold_1	 0.096	 0	 0	 0	 0.011	 0	 0	 0	

fold_2	 0.05	 0.095	 0	 0	 0.044	 0	 0.021	 0.109	

fold_3	 0.017	 0	 0	 0	 0.004	 0	 0	 0	

fold_4	 0.013	 0	 0	 0	 0.006	 0	 0	 0	

fold_5	 0.037	 0	 0	 0	 0.006	 0	 0	 0.001	

fold_6	 0.03	 0	 0	 0	 0.015	 0	 0.036	 0	

fold_7	 0.032	 0	 0	 0	 0.009	 0	 0	 0	

fold_8	 0.032	 0	 0	 0	 0.012	 0	 0	 0	

fold_9	 0.126	 0	 0	 0	 0.026	 0	 0	 0	

mean	
metric	 0.059	 0.01	 0	 0	 0.038	 0	 0.006	 0.077	

std	
metric	 0.05	 0.03	 0	 0	 0.074	 0	 0.012	 0.208	
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Active	9	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.064	 0.161	 0.226	 0.137	 0.072	 0.121	 0.109	 0.004	

fold_1	 0.061	 0.034	 0.09	 0.1	 0.06	 0.043	 0.036	 0.003	

fold_2	 0.064	 0.105	 0.108	 0.13	 0.062	 0.067	 0.063	 0.003	

fold_3	 0.071	 0.074	 0.136	 0.15	 0.065	 0.068	 0.061	 0.005	

fold_4	 0.07	 0.092	 0.165	 0.147	 0.066	 0.084	 0.065	 0.006	

fold_5	 0.076	 0.105	 0.142	 0.141	 0.073	 0.08	 0.079	 0.005	

fold_6	 0.079	 0.121	 0.177	 0.14	 0.092	 0.094	 0.072	 0.009	

fold_7	 0.062	 0.064	 0.127	 0.099	 0.054	 0.078	 0.07	 0.003	

fold_8	 0.059	 0.068	 0.109	 0.1	 0.051	 0.056	 0.054	 0.002	

fold_9	 0.099	 0.062	 0.083	 0.101	 0.078	 0.054	 0.05	 0.002	

mean	
metric	 0.07	 0.089	 0.136	 0.124	 0.067	 0.075	 0.066	 0.004	

std	
metric	 0.012	 0.036	 0.044	 0.022	 0.012	 0.023	 0.019	 0.002	

	

	
Active	10	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.065	 0.124	 0.153	 0.149	 0.068	 0.112	 0.139	 0.008	

fold_1	 0.06	 0.061	 0.125	 0.111	 0.068	 0.055	 0.054	 0.003	

fold_2	 0.071	 0.135	 0.122	 0.141	 0.082	 0.074	 0.097	 0.006	

fold_3	 0.054	 0.033	 0.087	 0.129	 0.048	 0.041	 0.033	 0.002	

fold_4	 0.049	 0.05	 0.094	 0.137	 0.042	 0.042	 0.035	 0.003	

fold_5	 0.06	 0.073	 0.114	 0.113	 0.066	 0.06	 0.058	 0.005	

fold_6	 0.064	 0.094	 0.155	 0.143	 0.061	 0.073	 0.07	 0.005	

fold_7	 0.063	 0.093	 0.177	 0.121	 0.065	 0.099	 0.096	 0.004	

fold_8	 0.072	 0.109	 0.162	 0.144	 0.07	 0.069	 0.071	 0.005	

fold_9	 0.074	 0.11	 0.15	 0.119	 0.072	 0.095	 0.087	 0.003	

mean	
metric	 0.063	 0.088	 0.134	 0.131	 0.064	 0.072	 0.074	 0.004	

std	
metric	 0.008	 0.033	 0.03	 0.014	 0.012	 0.024	 0.032	 0.002	
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Active	11	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0	 0	 0.002	 0	 0.001	 0.001	 0	 0	

fold_1	 0	 0	 0.03	 0	 0.002	 0.001	 0	 0	

fold_2	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_3	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_4	 0	 0	 0.002	 0	 0.001	 0	 0	 0	

fold_5	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_6	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_7	 0	 0	 0	 0	 0.002	 0	 0.001	 0	

fold_8	 0	 0	 0.002	 0	 0.001	 0.001	 0	 0	

fold_9	 0.019	 0.019	 0.018	 0.019	 0.022	 0.018	 0.019	 0.019	

mean	
metric	 0.002	 0.002	 0.005	 0.002	 0.003	 0.002	 0.002	 0.002	

std	
metric	 0.006	 0.006	 0.01	 0.006	 0.006	 0.006	 0.006	 0.006	

	

	
Active	12	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.007	 0.004	 0.005	 0.008	 0.005	 0.004	 0.004	 0.001	

fold_1	 0.012	 0.012	 0.008	 0.016	 0.012	 0.008	 0.008	 0.006	

fold_2	 0.009	 0.008	 0.007	 0.007	 0.009	 0.006	 0.007	 0.004	

fold_3	 0.003	 0	 0	 0.001	 0.002	 0	 0	 0	

fold_4	 0.002	 0	 0	 0.002	 0.001	 0	 0	 0	

fold_5	 0.002	 0	 0.002	 0.001	 0.002	 0	 0	 0	

fold_6	 0.003	 0	 0	 0.001	 0.002	 0	 0.001	 0	

fold_7	 0.014	 0.013	 0.025	 0.01	 0.012	 0.011	 0.014	 0.007	

fold_8	 0.009	 0.007	 0.074	 0.026	 0.008	 0.011	 0.01	 0.002	

fold_9	 0.096	 0.08	 0.103	 0.057	 0.08	 0.077	 0.064	 0.021	

mean	
metric	 0.016	 0.012	 0.023	 0.013	 0.013	 0.012	 0.011	 0.004	

std	
metric	 0.029	 0.024	 0.036	 0.017	 0.024	 0.023	 0.019	 0.006	
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Active	13	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.023	 0.014	 0.038	 0.038	 0.017	 0.021	 0.018	 0.005	

fold_1	 0.042	 0.039	 0.055	 0.061	 0.042	 0.032	 0.036	 0.009	

fold_2	 0.018	 0.012	 0.015	 0.03	 0.015	 0.008	 0.012	 0.019	

fold_3	 0.012	 0	 0.002	 0.011	 0.003	 0.001	 0	 0.001	

fold_4	 0.008	 0.002	 0.002	 0.003	 0.003	 0.002	 0.002	 0	

fold_5	 0.006	 0	 0.002	 0.005	 0.003	 0.001	 0	 0	

fold_6	 0.008	 0	 0.002	 0.005	 0.004	 0.001	 0.001	 0	

fold_7	 0.042	 0.05	 0.07	 0.043	 0.038	 0.039	 0.04	 0.007	

fold_8	 0.025	 0.021	 0.084	 0.069	 0.021	 0.036	 0.035	 0.003	

fold_9	 0.121	 0.125	 0.142	 0.077	 0.117	 0.084	 0.095	 0.016	

mean	
metric	 0.03	 0.026	 0.041	 0.034	 0.026	 0.023	 0.024	 0.006	

std	
metric	 0.034	 0.039	 0.047	 0.028	 0.035	 0.027	 0.03	 0.007	

	

	
	

Active	14	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0	 0	 0	 0	 0.002	 0	 0	 0	

fold_1	 0	 0	 0.002	 0	 0.001	 0.001	 0	 0	

fold_2	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_3	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_4	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_5	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_6	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_7	 0	 0	 0	 0	 0.001	 0.001	 0.001	 0	

fold_8	 0	 0	 0	 0	 0.001	 0	 0	 0	

fold_9	 0.01	 0.01	 0.01	 0.01	 0.015	 0.01	 0.009	 0.01	

mean	
metric	 0.001	 0.001	 0.001	 0.001	 0.002	 0.001	 0.001	 0.001	

std	
metric	 0.003	 0.003	 0.003	 0.003	 0.005	 0.003	 0.003	 0.003	
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Active	15	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.047	 0.094	 0.108	 0.086	 0.044	 0.057	 0.062	 0.01	

fold_1	 0.034	 0.019	 0.049	 0.09	 0.031	 0.028	 0.028	 0.004	

fold_2	 0.035	 0.043	 0.053	 0.092	 0.035	 0.038	 0.031	 0.002	

fold_3	 0.047	 0.05	 0.08	 0.061	 0.045	 0.04	 0.032	 0.004	

fold_4	 0.048	 0.052	 0.078	 0.103	 0.045	 0.04	 0.045	 0.003	

fold_5	 0.048	 0.042	 0.096	 0.094	 0.045	 0.041	 0.04	 0.005	

fold_6	 0.039	 0.037	 0.054	 0.096	 0.036	 0.029	 0.029	 0.004	

fold_7	 0.042	 0.063	 0.06	 0.051	 0.04	 0.041	 0.037	 0.015	

fold_8	 0.036	 0.016	 0.039	 0.04	 0.025	 0.021	 0.019	 0.007	

fold_9	 0.038	 0.077	 0.064	 0.07	 0.031	 0.031	 0.032	 0.011	

mean	
metric	 0.041	 0.049	 0.068	 0.078	 0.038	 0.036	 0.035	 0.007	

std	
metric	 0.006	 0.024	 0.022	 0.022	 0.007	 0.01	 0.012	 0.004	

	
	
	

Active	16	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.035	 0.048	 0.084	 0.11	 0.036	 0.058	 0.064	 0.004	

fold_1	 0.05	 0.051	 0.084	 0.09	 0.062	 0.047	 0.047	 0.005	

fold_2	 0.033	 0.073	 0.069	 0.096	 0.033	 0.042	 0.053	 0.004	

fold_3	 0.025	 0.007	 0.027	 0.076	 0.012	 0.012	 0.008	 0	

fold_4	 0.019	 0.018	 0.028	 0.079	 0.011	 0.016	 0.013	 0	

fold_5	 0.019	 0.022	 0.039	 0.064	 0.016	 0.018	 0.018	 0.005	

fold_6	 0.019	 0.018	 0.057	 0.1	 0.015	 0.024	 0.023	 0.006	

fold_7	 0.041	 0.07	 0.093	 0.087	 0.04	 0.072	 0.072	 0.01	

fold_8	 0.052	 0.064	 0.119	 0.116	 0.043	 0.067	 0.059	 0.005	

fold_9	 0.044	 0.12	 0.134	 0.092	 0.047	 0.067	 0.07	 0.002	

mean	
metric	 0.034	 0.049	 0.073	 0.091	 0.032	 0.042	 0.043	 0.004	

std	
metric	 0.013	 0.035	 0.037	 0.016	 0.017	 0.024	 0.025	 0.003	
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Active	17	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.063	 0.06	 0.095	 0.066	 0.063	 0.058	 0.062	 0.014	

fold_1	 0.072	 0.072	 0.129	 0.105	 0.082	 0.066	 0.061	 0.017	

fold_2	 0.033	 0.024	 0.042	 0.03	 0.027	 0.021	 0.025	 0.014	

fold_3	 0.022	 0	 0.009	 0.014	 0.003	 0.004	 0	 0.001	

fold_4	 0.013	 0.002	 0.013	 0.01	 0.003	 0.005	 0.002	 0	

fold_5	 0.014	 0.002	 0	 0.007	 0.005	 0.005	 0.002	 0	

fold_6	 0.02	 0.001	 0.009	 0.016	 0.008	 0.003	 0.005	 0	

fold_7	 0.105	 0.162	 0.191	 0.122	 0.128	 0.106	 0.122	 0.039	

fold_8	 0.084	 0.083	 0.215	 0.15	 0.079	 0.095	 0.084	 0.023	

fold_9	 0.167	 0.172	 0.381	 0.142	 0.214	 0.165	 0.161	 0.069	

mean	
metric	 0.059	 0.058	 0.108	 0.066	 0.061	 0.053	 0.052	 0.018	

std	
metric	 0.05	 0.066	 0.124	 0.058	 0.069	 0.056	 0.056	 0.022	

	

	
	

Active	18	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.029	 0.052	 0.074	 0.092	 0.029	 0.052	 0.067	 0.014	

fold_1	 0.038	 0.044	 0.105	 0.072	 0.043	 0.051	 0.038	 0.006	

fold_2	 0.03	 0.077	 0.065	 0.096	 0.032	 0.047	 0.069	 0.01	

fold_3	 0.015	 0.007	 0.028	 0.083	 0.009	 0.012	 0.009	 0	

fold_4	 0.015	 0.02	 0.026	 0.07	 0.012	 0.017	 0.015	 0.002	

fold_5	 0.021	 0.03	 0.054	 0.063	 0.021	 0.026	 0.028	 0.003	

fold_6	 0.018	 0.02	 0.093	 0.092	 0.017	 0.029	 0.032	 0.005	

fold_7	 0.033	 0.068	 0.108	 0.069	 0.033	 0.057	 0.064	 0.004	

fold_8	 0.039	 0.076	 0.079	 0.093	 0.038	 0.052	 0.057	 0.003	

fold_9	 0.038	 0.078	 0.148	 0.068	 0.04	 0.055	 0.056	 0.003	

mean	
metric	 0.028	 0.047	 0.078	 0.08	 0.027	 0.04	 0.044	 0.005	

std	
metric	 0.01	 0.027	 0.038	 0.013	 0.012	 0.017	 0.022	 0.004	
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Active	19	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.064	 0.06	 0.192	 0.074	 0.061	 0.059	 0.064	 0.013	

fold_1	 0.07	 0.07	 0.126	 0.09	 0.08	 0.063	 0.062	 0.015	

fold_2	 0.033	 0.024	 0.026	 0.032	 0.026	 0.022	 0.022	 0.016	

fold_3	 0.023	 0	 0.005	 0.005	 0.003	 0.003	 0.001	 0	

fold_4	 0.014	 0.002	 0.013	 0.008	 0.004	 0.003	 0.002	 0	

fold_5	 0.015	 0.002	 0.004	 0.008	 0.005	 0.005	 0.002	 0	

fold_6	 0.022	 0.001	 0.009	 0.014	 0.01	 0.001	 0.004	 0	

fold_7	 0.103	 0.161	 0.194	 0.112	 0.12	 0.103	 0.108	 0.034	

fold_8	 0.084	 0.083	 0.187	 0.135	 0.077	 0.085	 0.106	 0.022	

fold_9	 0.158	 0.154	 0.435	 0.137	 0.208	 0.137	 0.136	 0.035	

mean	
metric	 0.058	 0.056	 0.119	 0.062	 0.059	 0.048	 0.051	 0.014	

std	
metric	 0.047	 0.062	 0.139	 0.054	 0.066	 0.049	 0.052	 0.014	

	

	
	

Active	20	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.003	 0.001	 0.004	 0.003	 0.003	 0.001	 0.002	 0	

fold_1	 0.004	 0.004	 0.004	 0.005	 0.004	 0.002	 0.002	 0	

fold_2	 0.002	 0.002	 0.002	 0.003	 0.003	 0.001	 0.001	 0	

fold_3	 0.002	 0	 0.001	 0.002	 0.002	 0	 0	 0	

fold_4	 0.001	 0	 0	 0.002	 0.001	 0	 0	 0	

fold_5	 0.001	 0	 0	 0.002	 0.002	 0	 0	 0	

fold_6	 0.001	 0	 0.001	 0.002	 0.002	 0	 0	 0	

fold_7	 0.004	 0.004	 0.005	 0.005	 0.004	 0.003	 0.003	 0	

fold_8	 0.003	 0.002	 0.005	 0.007	 0.004	 0.003	 0.003	 0	

fold_9	 0.031	 0.027	 0.022	 0.019	 0.02	 0.02	 0.02	 0	

mean	
metric	 0.005	 0.004	 0.004	 0.005	 0.005	 0.003	 0.003	 0	

std	
metric	 0.009	 0.008	 0.006	 0.005	 0.005	 0.006	 0.006	 0	
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Active	21	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.065	 0.06	 0.2	 0.068	 0.061	 0.058	 0.065	 0.015	

fold_1	 0.072	 0.072	 0.128	 0.094	 0.082	 0.057	 0.051	 0.023	

fold_2	 0.035	 0.025	 0.038	 0.039	 0.027	 0.022	 0.026	 0.014	

fold_3	 0.025	 0	 0.009	 0.011	 0.003	 0.004	 0.001	 0	

fold_4	 0.015	 0.002	 0.02	 0.017	 0.004	 0.005	 0.002	 0.002	

fold_5	 0.016	 0.002	 0	 0.016	 0.006	 0.005	 0.002	 0.001	

fold_6	 0.024	 0.001	 0.015	 0.025	 0.013	 0.002	 0.002	 0	

fold_7	 0.102	 0.162	 0.179	 0.117	 0.114	 0.104	 0.129	 0.025	

fold_8	 0.084	 0.084	 0.17	 0.13	 0.076	 0.087	 0.081	 0.015	

fold_9	 0.168	 0.158	 0.396	 0.165	 0.224	 0.144	 0.131	 0.138	

mean	
metric	 0.061	 0.057	 0.115	 0.068	 0.061	 0.049	 0.049	 0.023	

std	
metric	 0.049	 0.063	 0.126	 0.056	 0.069	 0.05	 0.052	 0.041	

	

	
	

Active	22	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.002	 0	 0.003	 0.004	 0.003	 0.001	 0.001	 0	

fold_1	 0.003	 0.003	 0.005	 0.004	 0.004	 0.002	 0.002	 0.001	

fold_2	 0.001	 0.001	 0.002	 0.002	 0.002	 0.001	 0	 0	

fold_3	 0.001	 0	 0	 0.002	 0.001	 0	 0	 0	

fold_4	 0.001	 0	 0	 0.001	 0.001	 0	 0	 0	

fold_5	 0.001	 0	 0	 0.002	 0.002	 0	 0	 0	

fold_6	 0.001	 0	 0	 0.001	 0.002	 0	 0	 0	

fold_7	 0.002	 0.001	 0.004	 0.005	 0.003	 0.001	 0.002	 0	

fold_8	 0.001	 0.001	 0.004	 0.007	 0.003	 0.004	 0.002	 0	

fold_9	 0.038	 0.036	 0.029	 0.028	 0.029	 0.028	 0.026	 0.011	

mean	
metric	 0.005	 0.004	 0.005	 0.006	 0.005	 0.004	 0.003	 0.001	

std	
metric	 0.012	 0.011	 0.009	 0.008	 0.009	 0.009	 0.008	 0.003	
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Active	23	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.002	 0	 0.004	 0.005	 0.003	 0.001	 0.001	 0	

fold_1	 0.003	 0.003	 0.005	 0.006	 0.004	 0.002	 0.002	 0.001	

fold_2	 0.001	 0.001	 0.002	 0.003	 0.002	 0	 0	 0	

fold_3	 0.001	 0	 0	 0.001	 0.001	 0	 0	 0	

fold_4	 0.001	 0	 0	 0.002	 0.001	 0	 0	 0	

fold_5	 0.001	 0	 0	 0.001	 0.002	 0	 0	 0	

fold_6	 0.001	 0	 0	 0.001	 0.002	 0	 0	 0	

fold_7	 0.002	 0.001	 0.003	 0.006	 0.003	 0.001	 0.002	 0	

fold_8	 0.001	 0.001	 0.004	 0.008	 0.003	 0.003	 0.001	 0	

fold_9	 0.038	 0.036	 0.03	 0.03	 0.029	 0.028	 0.03	 0.011	

mean	
metric	 0.005	 0.004	 0.005	 0.006	 0.005	 0.004	 0.004	 0.001	

std	
metric	 0.012	 0.011	 0.009	 0.009	 0.009	 0.009	 0.009	 0.003	

	

	
Active	24	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.002	 0	 0.012	 0.001	 0.002	 0.003	 0.001	 0.001	

fold_1	 0.005	 0.005	 0.006	 0.003	 0.007	 0.004	 0.004	 0.002	

fold_2	 0.002	 0.002	 0.004	 0.002	 0.003	 0.001	 0.002	 0.004	

fold_3	 0.001	 0	 0	 0.001	 0.001	 0	 0	 0	

fold_4	 0.001	 0	 0	 0.001	 0.001	 0	 0	 0	

fold_5	 0.001	 0	 0	 0	 0.001	 0	 0	 0	

fold_6	 0.001	 0	 0.002	 0.001	 0.002	 0	 0	 0	

fold_7	 0.005	 0.004	 0.01	 0.004	 0.005	 0.004	 0.004	 0.003	

fold_8	 0.003	 0.003	 0.013	 0.008	 0.004	 0.005	 0.005	 0.001	

fold_9	 0.056	 0.056	 0.055	 0.05	 0.05	 0.052	 0.049	 0.035	

mean	
metric	 0.008	 0.007	 0.01	 0.007	 0.008	 0.007	 0.006	 0.005	

std	
metric	 0.017	 0.017	 0.017	 0.015	 0.015	 0.016	 0.015	 0.011	
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Active	25	

Model	 Ridge	 KNN	 CART	 ADABOOST	 SVM	 RF	 EXTREE	 MLP	

fold_0	 0.015	 0.017	 0.022	 0.017	 0.02	 0.017	 0.017	 0.027	

fold_1	 0.007	 0.007	 0.023	 0.031	 0.013	 0.007	 0.008	 0.006	

fold_2	 0.002	 0.002	 0.006	 0.005	 0.009	 0.002	 0.002	 0.005	

fold_3	 0.001	 0	 0.004	 0.001	 0.007	 0.001	 0	 0	

fold_4	 0	 0	 0.002	 0	 0.008	 0.001	 0	 0.001	

fold_5	 0.001	 0	 0.004	 0.001	 0.009	 0.001	 0	 0	

fold_6	 0.002	 0	 0.002	 0.001	 0.008	 0	 0	 0	

fold_7	 0.028	 0.034	 0.065	 0.037	 0.033	 0.03	 0.03	 0.042	

fold_8	 0.022	 0.022	 0.034	 0.033	 0.03	 0.02	 0.02	 0.018	

fold_9	 0.036	 0.037	 0.097	 0.05	 0.039	 0.043	 0.044	 0.03	

mean	
metric	 0.011	 0.012	 0.026	 0.018	 0.018	 0.012	 0.012	 0.013	

std	
metric	 0.013	 0.015	 0.032	 0.019	 0.012	 0.015	 0.015	 0.015	
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Appendix	2	

IFLLAI	in	the	adaptation	unit	for	50	iterations	of	production	learning	using	the	three	

Deep	 ANN,	 EXTREE	 and	 RF	 machine	 learning	 algorithms.	 The	 test	 was	 originally	

performed	in	5.5.4.5		where	partial	results	for	10	iterations	were	provided.	

	
TRAINING	 DEEP	ANN	 EXTREE	 RF	

INITIAL	TRAINING	 0.00778	 0.00778	 0.00778	

ITERATION	0	 0.00644	 0.00759	 0.00763	

ITERATION	1	 0.007	 0.00654	 0.00725	

ITERATION	2	 0.00524	 0.00574	 0.0067	

ITERATION	3	 0.00525	 0.00545	 0.00639	

ITERATION	4	 0.00559	 0.0052	 0.00595	

ITERATION	5	 0.0051	 0.00486	 0.00586	

ITERATION	6	 0.00479	 0.00462	 0.00554	

ITERATION	7	 0.00473	 0.00446	 0.00545	

ITERATION	8	 0.00496	 0.00437	 0.00542	

ITERATION	9	 0.00557	 0.00422	 0.00527	

ITERATION	10	 0.00499	 0.00416	 0.00512	

ITERATION	11	 0.00508	 0.00395	 0.00521	

ITERATION	12	 0.00485	 0.00387	 0.00512	

ITERATION	13	 0.0048	 0.00387	 0.00513	

ITERATION	14	 0.00479	 0.00367	 0.00487	

ITERATION	15	 0.00502	 0.00347	 0.00523	

ITERATION	16	 0.0048	 0.00381	 0.00509	

ITERATION	17	 0.00484	 0.00369	 0.0049	

ITERATION	18	 0.00483	 0.00368	 0.00474	

ITERATION	19	 0.00463	 0.00354	 0.00491	

ITERATION	20	 0.00452	 0.00345	 0.00488	

ITERATION	21	 0.00449	 0.00312	 0.00486	

ITERATION	22	 0.00436	 0.00321	 0.00475	

ITERATION	23	 0.00463	 0.00318	 0.00447	

ITERATION	24	 0.0046	 0.00301	 0.00449	

ITERATION	25	 0.00447	 0.00306	 0.0045	

ITERATION	26	 0.00417	 0.00295	 0.00457	

ITERATION	27	 0.00441	 0.00305	 0.00455	

ITERATION	28	 0.00441	 0.00291	 0.00468	

ITERATION	29	 0.00425	 0.00293	 0.00443	

ITERATION	30	 0.00436	 0.00302	 0.00441	

ITERATION	31	 0.00426	 0.00291	 0.00434	

ITERATION	32	 0.00411	 0.00287	 0.00436	

ITERATION	33	 0.00399	 0.00277	 0.00429	

ITERATION	34	 0.00396	 0.00271	 0.00438	

ITERATION	35	 0.00396	 0.00267	 0.00425	
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ITERATION	36	 0.004	 0.00284	 0.00421	

ITERATION	37	 0.00385	 0.00266	 0.00405	

ITERATION	38	 0.0039	 0.0026	 0.00413	

ITERATION	39	 0.00375	 0.00287	 0.00424	

ITERATION	40	 0.00359	 0.00274	 0.004	

ITERATION	41	 0.00354	 0.00267	 0.00409	

ITERATION	42	 0.00369	 0.00249	 0.00404	

ITERATION	43	 0.00344	 0.00251	 0.00392	

ITERATION	44	 0.00358	 0.00243	 0.00387	

ITERATION	45	 0.00333	 0.00259	 0.00398	

ITERATION	46	 0.00328	 0.00265	 0.00402	

ITERATION	47	 0.00331	 0.00236	 0.00403	

ITERATION	48	 0.00338	 0.0024	 0.00378	

ITERATION	49	 0.00312	 0.00226	 0.0041	
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Appendix	3	
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Appendix	4	
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