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Abstract

In	this	study,	we	are	interested	in	the	problem	of	determining	the	pricing	and	timing	strategies	of	a	new	product	by	developing	an	agent-based
product	diffusion	simulation.	In	the	proposed	simulation	model,	agents	imitate	behavioural	consumers,	who	are	reference	dependent	and	risk
averse	in	the	evaluation	of	new	products	and	whose	interactions	create	word-of-mouth	regarding	new	products.	Pricing	and	timing	strategies
involve	the	timing	of	a	new	product	release,	the	timing	of	providing	a	discount	on	a	new	product,	and	the	relative	rates	of	discounts.	We	conduct
two	experiments	in	this	study.	In	both	experiments,	we	consider	the	urban	young	person	segment	in	the	mobile	phone	market	in	Korea,	in	which
three	major	new	products	-	two	smartphones	and	one	convergence	product	-	compete	with	one	another.	The	first	experiment	is	sensitivity
analysis	on	the	product	life	cycle	and	social	influence.	The	objective	is	to	observe	how	consumer	agents	behave	as	the	product	life	cycle	and	the
degree	of	sensitivity	on	social	influence	change.	The	second	experiment	is	sensitivity	analysis	on	time-to-market,	time-to-discount,	and	amount-
to-discount.	The	marketing	strategy	that	maximises	the	sales	volume	(or	revenue)	of	the	new	convergence	product	is	sought	from	the	sensitivity
analysis.	Based	on	the	result,	we	provide	pricing	and	timing	implications	for	firms	pursuing	sales	volumes	(or	revenue)	increase.
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	Introduction

1.1 In	recent	years,	a	technological	gap	among	global	manufacturing	firms	has	narrowed,	causing	product	marketing	to	be	emphasised	more	than
ever.	Firms	typically	face	three	fundamental	questions	related	to	the	release	and	pricing	of	a	new	product:	the	release	time	of	a	new	product	(i.e.,
time-to-market),	the	discount	time	of	the	product	(i.e.,	time-to-discount),	and	the	discount	rate	(i.e.,	amount-to-discount).	To	provide	the	best
solutions	to	the	three	issues,	it	is	essential	to	understand	how	individuals	attach	value	to	the	new	product.	Here,	the	value	(or	utility)	of	a	product	is
a	measure	of	the	satisfaction	from	the	consumption	of	the	product.	In	this	paper,	as	a	support	tool	to	address	these	issues,	we	propose	a	social
simulation	that	focuses	on	consumers'	psychological	bias	and	social	interaction	in	the	evaluation	of	competing	products.

1.2 Over	the	last	two	decades,	psychological	bias	has	been	recognised	as	an	important	factor	in	modelling	people's	economic	behaviours.	In
particular,	when	consumers	choose	products,	most	tend	to	be	reference	dependent	and	risk	averse.	For	example,	consumers	are	accustomed	to
evaluating	the	value	of	a	new	product	by	comparing	it	to	their	products	in	use	as	references.	In	addition,	most	consumers	sense	a	wider	gap	when
the	value	gained	from	the	product	in	use	is	larger	than	the	value	expected	from	the	new	product	than	when	the	value	gained	is	less	than	the	value
expected;	even	when	their	absolute	difference	is	the	same.	That	is,	people	have	a	loss	aversion	tendency	that	places	more	emphasis	on	losses
than	on	gains.

1.3 The	advance	of	information	technology	creates	social	network	services,	which	people,	especially	young	individuals,	use	to	share	information	of
interest	and	sometimes	to	make	decisions,	such	as	product	choice,	based	on	shared	information.	The	word-of-mouth	(WOM)	on	product
performance	created	by	consumers	in	a	social	network	has	increasingly	affected	the	success	of	new	products	(Kempe	et	al.	2003;	Godes	&
Mayzlin	2004).	Unfortunately,	modelling	the	principle	of	network-wide	WOM	generation	in	a	monolithic	way	is	very	difficult	because	consumers	in
the	social	network	are	influenced	by	and	influence	different	people	at	different	times.	For	a	product	attribute	that	consumers	are	sensitive	to,	such
as	price,	a	change	affects	their	product	choices.	However,	the	time	when	the	wave	of	WOM	on	the	price	change	reaches	individual	consumers
and	the	degree	to	which	WOM	impacts	their	product	choices	are	not	directly	measurable.

1.4 A	multi-agent	simulation	model	is	known	as	a	good	instrument	for	modelling	the	social	interactions	of	actors.	The	social	simulation	model
proposed	in	this	paper	is	a	multi-agent	simulation	in	which	agents	represent	consumers.	In	the	model,	we	design	behavioural	consumer	agents
who	are	reference	dependent	and	risk	averse.	For	modelling	behavioural	consumer	agents,	we	adopt	prospect	theory	(Kahneman	&	Tversky
1979),	which	describes	people's	psychological	biases	when	they	engage	in	economic	behaviours.	And,	the	theory	is	known	as	more	descriptive
and	realistic	rather	than	the	other	choice	models	which	are	known	as	normative	(Bleichrodt	et	al.	2001).	The	other	choice	models	such	as
expected	utility	theory	(EUT)	(Harrison	&	Rutström	2009)	and	technology	acceptance	model	(TAM)	(Davis	1986)	are	only	focused	on	rational	and
reasonable	process	in	decision-making.	As	stated	by	Davis	et	al.	(1989),	TAM	utilises	theory	of	reasoned	action	(TRA)	(Fishbein	&	Ajzen	1975)
as	a	theoretical	foundation	for	identifying	the	causal	relationships	between	perceived	usefulness	and	perceived	ease	of	use,	and	users'	attitudes,
intentions	and	actual	computer	adoption	behaviour.	This	is	designed	to	apply	TRA	only	to	computer	usage	behaviour.
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1.5 We	also	incorporate	the	social	interaction	of	behavioural	consumer	agents	in	the	model	so	that	collective	opinions	on	competing	products	formed
by	WOM	affect	product	choices	of	potential	adopters.	Representing	the	output	of	the	model	are	predicted	sales-volume	trajectories	of	competing
products.	By	simulating	product	diffusion	with	possible	pricing	and	timing	combinations,	we	are	able	to	determine	the	strategy	that	maximises	the
chances	of	a	new	product's	success	in	a	target	market.

1.6 As	a	case	study,	we	consider	the	Korean	smartphone	market.	Like	any	other	electronic	gadgets,	a	new	smartphone	is	often	compared	to	the
phone	in	use	by	a	consumer.	The	smartphone	market	is	becoming	more	competitive	because	not	only	products	in	the	same	product	family	but
also	convergence	products,	which	overlap	more	than	one	different	product	family,	are	being	developed	and	released	into	the	market	by	high-
technology	firms.	For	example,	smartphone	and	tablet	PCs	(personal	computer)	are	converging	into	a	new	convergence	product.	For	our	case
study,	we	have	sampled	Korean	young	people	from	smartphone	users.	In	the	case	of	Korea,	the	market	share	of	smartphones	in	the	phone
market	is	increasing	rapidly,	and	one	fourth	of	phone	users	have	smartphones.	Among	the	users,	the	most	critical	segment	is	thought	to	be	urban
young	people,	who	are	often	known	to	be	sensitive	to	the	pricing	of	high-tech	products	and	the	timing	of	their	release	because	they	have	small
budgets	and	a	desire	to	obtain	new	high-tech	products.

1.7 Our	study	provides	three	main	contributions.	First,	we	formulate	a	behavioural	consumer	who	has	reference	dependence	and	risk	aversion	and
the	interaction	of	behavioural	consumers	within	a	social	network.	Second,	we	simulate	the	expected	sales	volumes	of	a	new	convergence	product
and	the	other	competing	products	in	the	young	people	segment	of	the	Korean	smartphone	market	and	determine	the	time-to-market,	time-to-
discount,	and	amount-to-discount	that	maximise	the	sales	volume.	Third,	we	investigate	another	market	situation	in	which	a	producer	offers	two
smartphones	of	different	types:	a	typical	phone	and	a	new	convergence	phone.	The	use	of	more	than	one	product	release	is	commonly	used	in
competitive	markets	to	reduce	the	risk	of	product	failure.	However,	a	product-line	problem,	the	cannibalisation	effect,	is	more	pronounced.	The
cannibalisation	effect	is	the	effect	of	a	sales	volume	decrease	in	the	typical	product	due	to	the	introduction	of	the	new	product	similar	to	the	typical
product.	Under	this	scenario,	we	find	marketing	strategies	that	provide	the	minimum	and	maximum	revenues	for	the	producer.

1.8 The	remainder	of	this	paper	is	organised	as	follows.	Section	2	explains	relevant	agent-based	product	diffusion	models	for	pricing	and	timing.
Section	3	introduces	the	details	of	a	proposed	behavioural	agent	simulation	model.	Section	4	presents	experiments	and	results	with	pricing	and
timing	implications.	Finally,	section	5	provides	concluding	remarks.

	Related	Work

2.1 Classical	economists	have	considered	that	a	consumer	chooses	a	product	with	maximum	utility.	However,	empirical	studies	have	found
counterexamples	against	utility	maximisation	(Camerer	&	Thaler	1995;	Camerer	2008).	In	many	cases,	a	consumer	is	likely	to	rely	on	simple
heuristics,	which	leads	to	a	satisfactory	solution	but	not	the	optimal	solution	with	maximum	utility.	An	example	is	the	anchoring	effect	(Tversky	&
Kahneman	1974),	which	explains	that	a	consumer	is	biased	towards	the	number	originally	given	in	the	beginning	of	evaluation.	Tversky	and
Kahneman	(1974)	once	asked	subjects	to	estimate	the	percentage	of	African	countries	in	the	United	Nations	after	giving	them	a	number	between
1	and	100	by	a	spin	of	a	wheel.	Even	if	the	number	from	a	spin	of	a	wheel	was	irrelevant	to	the	percentage	of	African	countries	in	United	Nations,
the	subjects	overweighed	the	irrelevant	number	in	estimating	the	percentage.	This	phenomenon	is	widely	observed	in	laboratory	experiments
(Chapman	&	Johnson	2002)	and	in	real	economic	contexts	as	well,	such	as	the	housing	market	(Genesove	&	Mayer	2001),	the	stock	market
(Barberis	et	al.	2001),	and	art	auctions	(Beggs	&	Graddy	2009).	A	consumer	under	uncertain	conditions	(i.e.,	relatively	unaware	of	a	new	product)
estimates	a	new	product	by	setting	a	reference	point	(i.e.,	anchoring	point)	and	by	calculating	the	difference	of	the	new	product	from	the
reference.	Another	example	is	loss	aversion	(Kahneman	&	Tversky	1979),	where	a	consumer	is	relatively	more	sensitive	to	the	possibility	of
losing	property	or	money	than	to	that	of	gaining	the	same	amount	of	property	or	money,	a	phenomenon	recently	investigated	with	a	biological
experiment	(Tom	et	al.	2007).	The	prospect	theory	proposed	by	Kahneman	and	Tversky	(1979)	generalised	the	anchoring	effect	(i.e.,	reference
dependence)	and	loss	aversion	in	human	decision	making.	Because	decision	making	involves	several	criteria	or	attributes,	Tversky	and
Kahneman	(1991)	extended	the	original	prospect	theory	to	multi-attribute	prospect	theory.	Hardie	et	al.	(1993)	applied	multi-attribute	prospect
theory	to	the	product	choice	of	a	single	consumer	without	the	consideration	of	social	interaction.	Other	recent	applications	of	prospect	theory
include	route	choice	modelling	(Xu	et	al.	2011),	resource	allocation	(Bromiley	2009),	and	portfolio	choice	(He	&	Zhou	2011).

2.2 Multi-agent	modelling	and	simulation	is	a	computational	tool	used	at	the	micro	level.	It	imitates	a	natural	market	dynamic	by	specifying	individual
product	adoption	processes	and	implementing	WOM,	which	is	again	fed	back	to	the	individual	decision	making	of	potential	consumers.	Due	to	its
modelling	power,	multi-agent	simulation	has	received	much	attention	from	researchers	who	investigate	collective	market	dynamics	(Janssen	&
Jager	2003;	Delre	et	al.	2007a;	Kim	et	al.	2011;	Lee	et	al.	2013).	However,	these	studies	do	not	concern	marketing	strategies,	such	as	the	timing
and	pricing	of	a	new	product.	Because	the	predictive	power	of	traditional	mathematical	diffusion	models	(e.g.,	the	general	linear	model	(Mardia	et
al.	1979),	and	the	growth	model	(Bass	1969;	Mahajan	et	al.	1990))	is	suspected	to	be	low	in	dynamic	and	volatile	markets	(Jager	2007;	Zenobia	et
al.	2009;	Orrell	&	McSharry	2009),	studies	of	marketing	strategies	based	on	multi-agent	simulation	are	emerging.	Not	only	the	timing	of	promotion
strategies,	such	as	mass	media	campaigns	and	mass	communication	activities,	but	also	the	pricing	relevant	to	promotion	strategies	(e.g.,
informing	consumers	a	price-cut)	of	a	new	product	represent	the	main	issue	(Delre	et	al.	2007b;	Diao	et	al.	2011;	Gunther	et	al.	2011).	Delre	et	al.
(2007b)	have	noted	consumers'	preferences,	needs,	and	social	factors	as	being	determinants	of	the	success	of	marketing	strategies	in	a
fashionable	market.	However,	those	studies	have	not	considered	psychological	biases	(reference	dependence	and	loss	aversion)	that	influence
the	determinants.	Furthermore,	none	has	combined	the	release	time	of	a	new	product	with	the	timing	of	promotions	and	pricing.	In	this	paper,	we
introduce	the	concept	of	providing	the	right	discount	rate	at	the	right	time	with	respect	to	the	release	time	of	a	new	product.

	Behavioural	consumer	agent	model

Simulation	overview

3.1 The	proposed	model	simulates	product	choice	processes	of	consumers	in	a	market.	In	the	model,	each	consumer	agent	imitates	a	consumer's
product	choice	process,	and	the	connection	structure	of	consumer	agents	corresponds	to	consumers'	social	network	through	which	they
exchange	product	information.	We	assume	that	the	social	network	of	consumers	in	a	market	is	a	form	of	a	small	world	network	(Watts	&	Strogatz
1998)	adopted	in	recent	product	diffusion	studies	( Janssen	&	Jager	2003;	Kim	et	al.	2011;	Lee	et	al.	2013).	The	small-world	network	is	a	variation
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of	a	regular	network	that	is	a	normal	lattice	where	every	node	(e.g.,	consumer)	is	linked	to	its	neighbours	with	a	fixed	degree	of	connectivity.	The
small-world	network	emerges	as	the	result	of	randomly	rewiring	a	fraction	of	the	links	of	every	node.	The	fraction	of	links	is	called	the	rewiring
probability.	In	the	small-world	network,	it	is	possible	to	connect	any	two	nodes	through	only	a	few	links.

3.2 The	simulation	considers	a	market	situation	in	which	multiple	new	products	compete	with	each	other.	The	model	allows	competing	products	to	be
launched	in	the	market	at	different	times,	providing	an	environment	for	firms	to	investigate	the	release	timing	effect	on	total	sales	volume.	We
assume	that	new	products	and	products	in	use	of	consumer	agents	have	multiple	attributes,	but	these	attributes	may	not	be	identical.	If	a	product
does	not	have	a	certain	attribute,	e.g.,	the	second-generation	mobile	phone	has	no	wireless	Internet	feature,	the	attribute	value	of	the	product
endowed	by	consumer	agents	is	set	to	zero.	Here,	the	attribute	value	does	not	mean	physical	value	but	a	satisfaction	degree	of	a	consumer	from
the	use	of	the	attribute.	In	our	model,	we	assume	that	consumer	agents	endow	values	in	a	bounded	interval	including	zero	for	each	attribute.	If
some	consumers	do	not	have	products	in	use	comparable	to	new	products,	all	attribute	values	of	the	products	in	use	are	set	to	zero.

3.3 During	a	simulation	run,	consumer	agents	continue	to	update	attribute	values	of	new	products	with	the	consideration	of	psychological	biases	(i.e.,
loss	aversion	and	reference	dependence)	and	social	influence.	The	simulation	allows	a	firm	to	change	the	attribute	values	of	its	new	product	in
the	middle	of	the	simulation	run,	such	as	a	price	discount	set	at	a	certain	time,	and	to	observe	the	effect	of	the	change	on	the	sales	volume.
Almost	every	consumer	agent	(though	surely	not	all)	decides	to	choose	one	of	some	products	at	the	moment	when	the	values	of	the	products
become	higher	than	the	value	of	product	in	use.	This	purchase	timing	makes	it	possible	for	some	consumer	agents	not	to	buy	new	ones	if	the
values	of	products	in	use	remain	higher	than	those	of	all	new	products	until	the	end	of	the	simulation	run.	We	assume	that	the	value	of	the	product
in	use	decays	over	time.	If	the	decay	speed	is	fast,	as	is	the	case	of	fashionable	products	with	short	life	cycles	(e.g.,	mobile	phones	and	gaming
devices),	few	consumer	agents	complete	the	simulation	without	making	a	purchase.

Initialisation

3.4 The	proposed	simulation	model	runs	through	an	initialisation	stage	and	an	execution	stage.	In	the	initialisation	stage,	consumer	agents	are
connected	such	that	their	interaction	structure	has	a	form	of	a	small	world	network.	In	our	experiment,	we	set	the	degree	of	connectivity	as	4	and
the	rewiring	probability	as	0.05	as	the	optimal	social	network	for	Korean	netbook	market	found	in	Lee	et	al.	(2013).	Next,	every	agent	is	assigned
four	personal	characteristics:	initial	attribute	values	for	new	products,	attribute	values	for	the	product	in	use,	product	attribute	weights,	and	the
degree	of	sensitivity	to	social	influence.	In	the	beginning	of	the	simulation,	they	initially	obtain	uncertain	information	on	new	product	attributes;	they
assess	attribute	values	of	new	products	by	referring	to	attribute	values	of	products	in	use	(i.e.,	reference	dependence);	they	weigh	product
attributes	uniquely;	they	reflect	the	social	influence	of	neighbours	at	different	degrees	when	they	are	undergoing	the	product	evaluation	process.
Empirical	probability	distributions	are	built	for	the	four	characteristics	through	a	questionnaire,	and	consumer	agents	are	assigned	individual
values	randomly	using	the	distributions.	In	addition,	to	let	consumer	agents	be	loss	averse,	every	agent	requires	a	degree	of	loss	aversion.	We
assume	that	each	consumer	agent	has	a	different	degree	of	loss	aversion	for	each	product	attribute,	which	is	equal	to	the	consumer	agent's
weight	on	the	product	attribute.	That	is,	a	consumer	is	more	loss	averse	to	an	attribute	that	is	believed	to	be	more	important.

Execution

3.5 Every	consumer	agent	considers	psychological	biases	of	reference	dependence	and	loss	aversion	during	the	evaluation	process	of	product
attributes.	Let	vipa	be	the	value	of	attribute	a	of	a	new	product	p	endowed	by	consumer	agent	i	at	the	release	time	of	the	product.	In	addition,	let
vira	be	the	attribute	value	of	the	product	in	use	r	endowed	by	the	consumer	agent.	If	the	difference,	vipa	−	vira,	is	negative	(positive),	the	consumer
agent	i	believes	that	the	new	product	is	inferior	(superior)	to	the	product	in	use	with	respect	to	the	attribute	a.	Loss	aversion	implies	that	a
consumer	agent	who	places	higher	weight	on	a	product	attribute	has	a	more	biased	feeling	of	loss.	Let	a	nonnegative	number,	wia,	be	the	weight
of	the	consumer	agent	i	on	the	attribute	a.	If	vipa	−	vira	results	in	a	negative	value,	then	the	magnitude	of	the	negative	value	is	multiplied	by	a	loss
aversion	factor,	(1+wia).	This	finding	makes	the	agent	more	disappointed	about	the	attribute	of	the	new	product	p	than	the	one	who	is	neutral	to
the	attribute	(i.e.,	consumer	agent	j	with	wja	=	0).	Such	a	biased	evaluation	may	be	expressed	using	a	value	function,	fi(),	defined	in	equation	(1).

(1)

3.6 Note	that	each	consumer	agent	has	a	unique	value	function	because	of	its	own	attribute	weight,	wia.	Similar	to	the	study	of	Hardie	et	al.	(1993),
we	adopt	a	linear	value	function	as	in	equation	(1),	which	is	depicted	in	Figure	1.	It	is	also	possible	to	employ	an	S-shaped	nonlinear	function
(Kahneman	&	Tversky	1979)	that	incorporates	diminishing	sensitivity	to	losses	and	gains	for	large	differences,	vipa−	vira.	However,	the	degree	of
diminishing	sensitivity	to	losses	and	gains	differs	between	cases	(Abdellaoui	et	al.	2007).	Because	our	focus	is	on	modelling	consumer	behaviour
using	reference	dependence	and	loss	aversion	rather	than	using	diminishing	sensitivity,	we	choose	the	linear	function.	The	diminishing	sensitivity
is	known	as	diminishing	marginal	utility	and	it	means	the	marginal	utility	a	person	gets	from	adding	another	same	product	decreases	as	the
number	of	products	increases.	However,	our	model	only	purchases	one	product.	Therefore,	we	may	not	have	to	consider	diminishing	sensitivity.
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Figure	1.	Loss	aversion	graph

3.7 The	consumer	agent	i	continues	to	revise	its	evaluation	for	each	new	product	until	it	chooses	a	product	or	the	simulation	ends.	Suppose	that	the

new	product	p	is	entered	into	the	market	at	simulation	time	t2.	Let	vipa
	t2 	the	biased	evaluation	value	of	the	consumer	agent	at	the	time	t2.	Then,

the	consumer	agent's	biased	value	is	initially	set	to

(2)

At	the	simulation	time	t,	which	is	greater	than	t2,	the	value	is	updated	with	the	consideration	of	social	influence	as	follows:

(3)

where	the	Bi	is	the	set	of	neighbours	who	are	linked	to	the	consumer	agent	i	in	the	social	network	of	consumer	agents;	the	operator,	|B	i|,

represents	the	size	of	the	neighbour	set;	α	i	is	the	degree	of	the	consumer	agent's	sensitivity	to	social	influence.	In	this	equation,	1/|B	i|∑b∈Bi	vbpa
	t-

1	is	the	average	social	influence	for	the	attribute	a.	We	assume	that	all	neighbouring	agents	influence	the	consumer	agent	i	equally.	To	obtain	the

consumer	agent's	value,	vipa
t,	at	the	simulation	time	t	with	respect	to	attribute	a,	the	value	at	time	t-1,	vipa

	t-1,	and	the	average	social	influence	are
averaged	with	the	consideration	of	the	sensitivity	to	social	influence,	αi.	Next,	the	value	function	is	applied	to	obtain	a	new	biased	value	at	time	t.
Suppose	that	the	consumer	agent	i	has	a	negative	value	on	the	attribute	a	at	the	introduction	time	of	the	product	p	and	that	the	agent	is	sensitive
to	social	influence	(i.e.,	αi	is	close	to	1).	Then,	if	the	neighbours	send	several	positive	signals,	the	value	will	gradually	shift	in	a	positive	direction	–
the	agent	becomes	to	favour	the	product	attribute.	Otherwise,	our	model	makes	the	consumer	agent's	value	continue	to	worsen.	Gershoff	et	al.
(2012)	have	discovered	that	a	consumer	feels	unfairness	when	choosing	a	product	if	the	product	the	consumer	selected	is	inferior	to	its	reference
product	which	shares	similar	attributes	or	criteria	for	decision-making.	And,	such	unfair	feeling,	which	leads	to	a	negative	evaluation	on	the	chosen
product,	can	be	mitigated	by	reducing	similarity	between	the	two	products.	For	example,	a	consumer	would	value	a	cell	phone	lower	when	a
reference	product	is	a	smart	phone	than	when	the	reference	product	is	a	home	phone.	Because	our	model	considers	the	competition	of	products
sharing	similar	product	attributes,	we	believe	that	a	deteriorating	value	of	a	product	by	a	consumer	agent	in	our	model	represents	a	consumer's
negative	evaluation	of	unfairness.

3.8 In	the	middle	of	a	simulation	run,	the	producer	of	a	new	product	may	desire	to	test	the	effect	of	a	price	discount	on	the	sales	volume.	In	this	case,
all	consumer	agents'	values	for	attribute	price	should	be	modified	positively	at	a	discount	time,	such	as	t3.	There	are	a	few	ways	to	reflect	the
impact	of	a	price	discount	on	the	values	of	consumer	agents.	In	our	model,	we	change	the	value	of	attribute	price	as	follows:

(4)

In	this	equation,	the	attribute	a	represents	price;	vipat3-1	is	the	value	of	the	attribute	price	endowed	by	the	consumer	agent	i	at	time	t3-	1;	the	δi	is
the	unbiased	value	increment	due	to	a	price	discount.	We	assume	that	δi	is	the	same	for	all	consumer	agents.	However,	individual	agents	endow
different	biased	values	to	the	increment	due	to	their	unique	value	functions.	The	unbiased	value	increment,	δi,	is	set	to	be	proportional	to	the
difference	between	the	value	upper	bound	of	price	attribute	and	the	average	value	of	all	consumer	agents	assigned	at	the	initialisation	stage.	For
example,	suppose	that	the	producer	offers	a	10%	price	discount	to	the	market.	Then,	if	the	value	interval	of	the	price	attribute	is	[-4,	15]	and	the
average	value	at	the	initialisation	stage	is	5,	then	δi	=	(15-5)·0.1=1.	From	the	next	simulation	time,	t	=	t3	+	1,	the	value	of	the	consumer	agent	i	is
updated	according	to	equation	(3).

3.9 Let	vip
t	be	the	value	of	the	product	p	evaluated	by	the	consumer	agent	i	at	time	t.	Because	there	can	be	more	than	one	product	attribute,	the

personal	total	value,	vip
t,	is	the	sum	of	attribute	values	of	product	p,

(5)

3.10 In	general,	a	consumer	buys	a	new	product	when	some	purchasing	condition,	such	as	utility	maximisation,	is	met.	In	our	model,	for	each
simulation	time	t,	each	consumer	agent	compares	its	values	on	new	products	with	a	threshold	and	buys	from	the	products	a	new	one	whose	value

is	greater	than	the	threshold,	if	it	exists.	We	denote	the	initial	threshold	of	consumer	agent	i	by	thresholdi
0.	The	initial	threshold	is	the	sum	of	the

attribute	values	of	the	reference	product	r,	the	product	in	use	by	the	consumer	agent	i.

(6)

3.11 In	general,	the	value	of	product	in	use	depreciates	over	time	(Feinschreiber	1969).	Therefore,	the	threshold	of	the	consumer	agent	i	will	decrease
over	time.	In	this	study,	a	negative	exponential	function	with	a	decay	parameter,	λ,	is	applied	to	model	the	decreasing	process	of	the	threshold:
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(7)

In	the	equation,	thresholdi
t	is	the	threshold	of	the	consumer	agent	i	at	simulation	time	t.	Exponential	decay	is	observed	in	a	wide	variety	of

disciplines	such	as	economics	and	natural	sciences	(Feinschreiber	1969).	The	decay	parameter,	λ,	takes	a	value	within	(0,	1].	A	larger	decay
parameter	implies	faster	depreciation	and	a	shorter	life	cycle	of	a	product	family.	Mobile	phones	including	smartphone	are,	for	instance,	a
representative	product	family	with	a	short	life	cycle	(Geyer	&	Blass	2010;	Li	et	al.	2010).

3.12 Let	Pi
t	denote	the	set	of	new	products	whose	values	evaluated	by	the	consumer	agent	i	exceed	their	thresholds	at	simulation	time	t.	That	is,	Pi

t	=

{p|	vip
t	>	thresholdi

t}.	We	apply	the	multinomial	logit	model	(McFadden	1974)	to	choose	a	product	in	Pi
t.	This	model	is	a	widely	applied	product

choice	model	(McFadden	1980;	Guardagni	&	Little	1983;	Villas-Boas	&	Winer	1999;	Bentz	&	Merunka	2000).	The	multinomial	logit	approach
models	the	effect	of	product	attributes	on	probability	of	choice	with	a	logit	formulation.	According	to	the	multinomial	logit	model,	the	consumer

agent	i	chooses	a	new	product	among	the	candidates	in	Pi
t	at	simulation	time	t	as

(8)

As	stated	previously,	some	consumer	agents	will	not	buy	new	products	at	the	end	of	a	simulation	run	if	their	thresholds	remain	higher	than	the
values	of	all	new	products.	In	our	model,	these	are	regarded	as	non-adopters.

	Experiments

Objective

4.1 Netlogo	(Wilensky	1999),	a	well-known	computer	program	for	agent-based	modelling,	was	used	to	implement	our	model.	We	conducted	two
experiments	in	this	study.	In	both	experiments,	we	considered	the	mobile	phone	market	in	Korea	in	which	three	major	new	products	–	two
smartphones	and	one	convergence	product	–	compete	with	each	other.	The	three	products	belong	to	a	high-tech	but	fashionable	product	family.
Therefore,	those	products	usually	have	short	life	cycles	compared	to	durable	goods,	such	as	1–2	years.	The	two	smartphones	are	provided	by
two	different	producers	and	account	for	80%	of	the	Korean	smartphone	market.	The	convergence	product	is	a	smartphone	sharing	some	features
of	tablet	PCs.	It	is	the	most	popular	one	among	similar	convergence	products	sold	in	Korea	and	provided	by	one	of	the	two	producers.	We	also
focused	on	the	urban	young	people	segment	in	the	market	because	they	are	the	most	active	and	critical	segment	for	producers	seeking	to
understand	market	behaviour.	Urban	young	people	are	skilled	in	handling	smartphones	and	put	forth	their	opinions	widely	through	social
networking	services.

4.2 The	first	experiment	is	sensitivity	analysis	on	the	product	life	cycle	and	social	influence.	In	our	model,	the	decay	parameter	of	the	product	in	use
becomes	short	as	the	life	cycle	of	new	product	decreases,	and	social	influence	strengthens	as	the	degree	of	sensitivity	to	social	influence
increases.	The	objective	is	to	observe	how	consumer	agents	behave	as	the	decay	parameter	and	the	degree	of	sensitivity	change.	The	second
experiment	is	sensitivity	analysis	on	time-to-market,	time-to-discount,	and	amount-to-discount.	The	optimal	combination	of	the	three	marketing
strategies	that	maximises	the	sales	volume	(or	revenue)	of	the	new	convergence	product	is	sought	from	the	sensitivity	analysis.	Based	on	our
results,	we	provide	pricing	and	timing	implications	for	firms,	aiming	to	increase	sales	volumes	(or	revenue)	from	their	products.

Setup

4.3 To	implement	our	model,	samples	of	urban	young	Koreans	were	asked	to	answer	a	questionnaire.	They	were	asked	to	rate	15	product	attributes,
selected	as	key	determinants	of	product	purchase	by	the	Korea	Information	Society	Development	Institute	(Park	et	al.	2011),	of	new	products	as
well	as	products	in	use.	Brand	loyalty,	price,	display	size,	and	the	number	of	applications	were	chosen	from	the	15	product	attributes.	They	were
selected	by	calculating	the	variance	of	each	product	attribute.	A	product	attribute	of	high	variance	means	it	can	classify	people	into	groups.	The
four	attributes	are	the	top-four	high-variance	product	attributes.

4.4 In	the	sample	survey,	the	urban	young	people	were	asked	to	rate	the	attributes	of	products	in	use	(i.e.,	reference	products)	within	a	range	of	[1,
10],	as	shown	in	the	second	row	of	Table	1.	They	also	rated	the	attributes	of	the	three	new	products	with	respect	to	their	references	within	a	range
of	[−5,	5].	That	is,	the	attribute	value	of	a	new	product	is	set	relatively	better	or	worse	than	the	attribute	value	of	a	reference	product.	Therefore,
the	attribute	value	of	a	new	product	becomes	a	number	within	[−4,	15].	Table	1	shows	the	means	and	the	standard	deviations	of	the	four	attributes
of	the	Reference	product	(product	in	use),	Product	1	(a	smartphone),	Product	2	(a	smartphone),	and	Product	3	(convergence	product).	The
numbers	in	parentheses	are	the	standard	deviations.	A	higher	mean	implies	a	more	satisfactory	corresponding	product	attribute.	Product	2	is
thought	to	be	the	most	satisfactory	product	in	price.	Product	2	and	Product	3	are	highly	valued	in	display	size.	The	number	of	applications	is	high
in	Product	1.	For	all	product	attributes,	one	product	does	not	perfectly	overwhelm	the	other	products.	Therefore,	consumer	agents'	evaluation
processes	and	social	interactions	will	matter	for	choosing	new	products.

Table	1.	The	means	and	the	standard	deviations	of	four	attributes	of	Reference,	Product	1,	Product	2,	and	Product	3	(convergence
product)
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4.5 Table	2	summarises	linguistic	evaluation	for	weights	of	the	four	product	attributes.	The	numbers	of	samples	rating	brand	loyalty,	price,	display
size,	and	the	number	of	applications	as	"High"	or	"Very	high"	were	63,	75,	70,	and	58,	respectively.	This	finding	indicates	that	over	half	of	the
samples	have	a	high	degree	of	loss	aversion	for	the	four	product	attributes.	In	addition,	the	number	of	samples	rating	brand	loyalty,	price,	display
size,	and	the	number	of	applications	as	"Very	high"	were	17,	40,	17,	and	26,	respectively.	This	finding	implies	that	urban	young	Koreans	treat
price	as	the	most	important	product	attribute.	Note	that,	from	Table	1,	Product	2	is	the	most	satisfactory	product	in	terms	of	price.	Table	3
presents	an	empirical	distribution	of	sensitivity	to	social	influence.	The	distribution	is	right-skewed.	We	may	guess	that	urban	young	Koreans	are
sensitive	to	others'	evaluation	opinions	on	smartphones.

4.6 We	assume	that	the	input	variables	of	weight	and	sensitivity	to	social	influence	are	fuzzy	variables	whose	values	can	be	obtained	from	sample
survey.	Fuzzy	set	theory	supports	an	effective	way	to	quantify	the	linguistic	terms	of	fuzzy	variables.	The	ambiguity	of	each	term	in	this	study	is
classified	as	a	value	set	with	a	triangular	membership	functions	(Zimmermann	2001).	For	example,	a	value	set	of	(0,	0,	0.5)	is	defined	as	a
triangular	fuzzy	number.	The	corresponding	membership	function	implies	how	much	certain	a	value	in	the	set	is	classified	as	a	linguistic	term.
Triangular	fuzzy	numbers	for	a	specific	application	domain	can	be	drawn	by	using	survey	data	(Hong	&	Lee	1996).	However,	drawing	triangular
fuzzy	numbers	remains	a	challenging	problem.	We	also	assume	that	we	can	transform	a	triangular	fuzzy	number	into	a	crisp	number	by	applying
the	graded	mean	integration	representation	method	used	in	Kim	et	al.	(2011).	For	more	details	in	fuzzy	numbers,	refer	to	Appendix.

4.7 Table	2	shows	the	linguistic	terms	for	a	weight	of	a	product	attribute,	and	the	frequencies	of	linguistic	terms	responded	for	each	product	attribute.
For	more	details	of	the	linguistic	terms,	refer	to	Table	A	in	Appendix.	The	numbers	of	samples	rating	Brand	Loyalty,	Price,	Display	Size,	and
Number	of	applications	as	"High"	or	"Very	High"	were	63,	75,	70,	and	58,	respectively.	It	means	that	the	four	product	attributes	are	important	for
the	samples.	And,	the	numbers	of	samples	rating	Brand	Loyalty,	Price,	Display	Size,	and	Number	of	applications	as	"Very	High"	were	17,	40,	17,
and	26,	respectively.	It	implies	that	Korean	urban	young	people	treats	Price	as	the	most	important	product	attribute.	We	may	guess	this	is
because	they	are	too	young	and	needy	to	afford	new	products.	They	also	treat	Brand	loyalty	and	Display	size	important	rather	than	Number	of
applications.	Since	Brand	loyalty	and	Display	size	decide	the	social	image	of	a	product	and	Number	of	applications	determines	the	utilization	of	a
product,	we	may	suspect	that	Korean	urban	young	people	care	more	about	social	image	obtaining	from	products	than	about	usage	of	the
products.

4.8 Table	3	shows	a	discrete	distribution	of	sensitivity	to	social	influence	of	the	samples	in	linguistic	terms	(For	more	details	of	the	linguistic	terms,
refer	to	Table	B	in	Appendix).	The	histogram	of	this	distribution	will	be	right-skewed.	This	means	the	samples	are	sensitive	to	social	influence
when	buying	new	products.	We	may	guess	that	Korean	urban	young	people	are	sensitive	to	others'	opinion	on	products.

Table	2.	Frequencies	of	weights	in	linguistic	terms	for	each	product	attributes

Table	3.	Frequencies	of	linguistic	terms	for	sensitivity	to	social	influence

Sensitivity	analysis	on	product	life	cycle	and	social	influence

4.9 First,	we	conducted	a	sensitivity	analysis	on	the	decay	parameter	to	observe	how	Korean	urban	people	change	their	behaviour	when	the	life
cycles	of	new	products	become	longer	or	shorter	than	the	current	setting,	15	months.	In	Korea,	the	interval	between	the	releases	of	a	smartphone
and	its	upgraded	version	varies,	usually	between	12	and	24	months.	The	decay	parameter	of	0.1	corresponds	to	a	life	cycle	of	approximately	15
months.	The	perturbation	was	employed	by	setting	the	life	cycle	to	12	months	and	18	months	to	consider	the	shorter	and	the	longer	life	cycles,
respectively.	The	values	of	the	decay	parameter	for	both	life	cycles	are	0.13	and	0.075,	as	shown	in	Table	4.

4.10 In	Figure	2,	the	order	of	sales	volumes	of	the	three	products	remains	the	same	regardless	of	the	change	of	the	decay	parameter.	In	this	figure,	a
time	step	corresponds	to	a	month.	The	order	coincides	with	the	order	of	the	sums	of	mean	attribute	values	in	Table	1	(i.e.,	Product	2,	Product	1,
and	Product	3,	whose	sums	of	mean	attribute	values	are	31.427,	30.432,	and	29.763).	This	finding	implies	that	the	change	in	the	life	cycle	of
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products	may	affect	the	sales	volume	of	the	products	slightly.	However,	we	may	observe	that	small	differences	in	evaluations	among	the	three
products	lead	to	large	differences	in	the	sales	volumes	of	the	products.	For	example,	the	sum	of	the	mean	values	of	product	attributes	of	Product
2	differs	from	that	of	Product	3	by	approximately	1.5.	However,	the	difference	between	the	sales	volume	of	Product	2	and	that	of	Product	3	is
approximately	100.	We	may	guess	that	properties	of	reference	dependence	and	loss	aversion	in	product	evaluation	lead	more	urban	young
Koreans	to	buy	the	superior	product,	even	though	the	evaluation	difference	between	the	superior	product	and	the	inferior	product	is	small.

4.11 Table	5	presents	the	final	sales	volumes	of	the	three	products	with	respect	to	the	decay	parameter.	Each	entry	in	the	table	was	drawn	from
averaging	the	final	sales	volumes	of	100	simulation	runs.	As	the	decay	parameter	decreases	(i.e.,	the	expected	life	cycle	increases),	Product	2
earns	sales	volumes,	but	Product	1	and	Product	3	lose	sales	volume.	This	result	occurs	because	a	longer	life	cycle	guarantees	that	a	better
product	(Product	2	in	this	case)	will	have	enough	time	to	spread	good	opinions	on	the	product	and	that	a	worse	product	(Product	1	or	Product	3	in
this	case)	will	have	sufficient	time	to	be	revealed	as	an	inferior	product	relative	to	the	better	product	(Lee	et	al.	2013).	Alternatively,	a	worse
product	obtains	an	advantage	of	sales	volume	from	a	shorter	product	life	cycle,	whereas	a	better	product	obtains	a	disadvantage	in	sales	volume
from	a	shorter	life	cycle.

Table	4.	Expected	life	cycle	in	month	with	respect	to	a	decay	parameter

Figure	2.	Sales	volumes	of	three	products	with	respect	to	decay	parameter

Table	5.	Final	sales	volumes	of	three	products	with	respect	to	decay	parameter

4.12 Second,	we	conducted	a	sensitivity	analysis	on	social	influence	to	observe	how	urban	young	Koreans	alter	their	behaviour	when	they	become
more	or	less	susceptible	to	WOM	than	the	present	setting,	as	in	Table	3.	The	life	cycle	of	the	three	products	was	fixed	at	15	months	(i.e.,	λ	is	0.1).
We	perturbed	the	empirical	probability	distribution	of	the	sensitivity	to	social	influence	in	Table	3.	Table	6	shows	the	final	sales	volumes	of	the
three	products	with	respect	to	changes	in	the	distribution.	The	final	sales	volumes	were	calculated	by	averaging	the	final	sales	volumes	of	100
simulation	runs.	In	the	table,	"Default"	in	the	top	row	represents	the	original	empirical	distribution.	"Weaker"	refers	to	the	distribution	made	by
shifting	30%	samples	of	"Medium",	"Strong",	and	"Very	strong"	categories	in	Table	3	to	the	next-left	categories.	This	treatment	indicates	that
consumers	are	less	sensitive	to	social	influence	than	the	default	setting.	"Stronger"	is	the	distribution	made	by	shifting	30%	samples	of	"Medium",
"Weak",	and	"Very	weak"	categories	in	Table	3	to	the	next-right	categories.	This	shift	makes	consumers	more	sensitive	to	social	influence	than
the	default	setting.

Table	6.	Final	sales	volumes	of	three	products	with	respect	to	sensitivity	to	social	influence

Figure	3.	Sales	volumes	of	three	products	with	respect	to	the	distribution	of	sensitivity	to	social	influence

4.13 Intuitively,	a	better	product	should	obtain	an	advantage	in	sales	volume	as	consumers	become	more	sensitive,	just	as	when	a	long	life	cycle
provides	enough	time	for	the	better	product	to	be	known	as	superior.	However,	in	our	experiment,	not	a	better	product	(Product	2)	but	a	worse
product	(Product	1	or	Product	3)	had	an	advantage	in	sales	volume.	As	sensitivity	to	social	influence	increases,	the	sales	volumes	of	Product	1
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and	Product	3	increase	by	7	and	9,	respectively.	Meanwhile,	the	sales	volume	of	Product	2	is	reduced	by	15.

4.14 We	may	guess	that	the	difference	between	the	evaluations	of	the	better	product	and	the	worse	product	decreases	as	consumer	agents	become
more	sensitive	to	social	influence.	As	seen	in	the	Figure	4,	the	difference	between	the	mean	values	of	1000	agents'	evaluation	on	Product	1	when
agents	are	more	sensitive	to	social	influence	and	that	of	1000	agents'	evaluation	on	Product	1	when	agents	are	less	sensitive	to	social	influence	is
−0.1	in	the	end.	The	corresponding	values	for	Product	2	and	Product	3	are	−0.25	and	−0.1,	respectively.	Namely,	as	agents	get	more	sensitive	to
social	influence,	agents'	evaluation	on	all	the	products	becomes	lower.	However,	the	better	product,	Product	2,	loses	more	values	than	the	others
in	total.	This	provides	relative	advantages	to	the	worse	products,	Product	1	and	Product3.	And	thus,	agents	are	likely	to	choose	Product	1	and
Product	3	rather	than	Product	2	according	to	Equation	(8),	so	that	the	sales	volumes	of	Product	1	and	Product	3	have	increased	and	the	sales
volume	of	Product	2	has	decreased	as	in	Table	6.

Figure	4.	Mean	values	of	three	products	over	time	with	respect	to	the	distribution	of	sensitivity	to	social	influence

Figure	5.	Numbers	of	elements	in	13	baskets	over	time	when	the	sensitivity	to	social	influence	is	stronger	than	default	case	(In	case	of	Product
2)

4.15 We	suspect	that	this	result	is	due	to	the	averaging	effect	of	WOM.	As	the	sensitivity	to	social	influence	increases,	consumer	agents	are	likely	to
rely	on	social	evaluation	transmitted	through	social	networks	rather	than	personal	evaluation.	Whereas	the	personal	evaluation	varies	highly	due
to	the	initial	random	assignments,	integrating	neighbours'	evaluation	extenuates	the	variety	in	personal	values.	For	example,	Figure	5	shows	the
numbers	of	elements	in	13	baskets	over	time,	when	the	sensitivity	to	social	influence	is	stronger	than	default	case.	Here,	we	have	clustered	all	the
agents'	values	on	criteria	1	of	Product	2	into	13	groups.	For	each	time,	a	histogram	is	induced	with	13	clusters.	We	can	verify	that	the	histogram
gets	narrower	as	time	flows.	It	means	that	the	values	converge	into	a	certain	point,	an	average,	because	of	social	interaction,	WOM.	Such
averaging	effect	of	WOM	happens	in	any	case	of	this	sensitivity	analysis.	And	such	effect	happens	in	all	the	other	criteria	and	products.

4.16 Such	a	phenomenon	often	happens	in	practice.	One	case	may	be	the	increase	in	the	variety	of	products	but	a	decrease	in	the	number	of
monopolies	in	recent	years	due	to	a	stronger	stimulation	of	many	communication	channels.	We	are	now	experiencing	fewer	monopolies	than	in
the	past	because	many	communication	channels,	including	the	mass	media,	social	media,	and	micro	media	provide	more	information	on	various
products	to	consumers	than	before.

Sensitivity	analysis	on	time-to-market,	time-to-discount,	and	amount-to-discount

4.17 In	this	experiment,	we	controlled	time-to-market,	time-to-discount,	and	amount-to-discount	to	observe	how	urban	young	Koreans	react	to
marketing	strategies	(i.e.,	timing	and	pricing)	of	the	producer	of	Product	3,	a	new	convergence	product.	Because	the	producer	must	bear	the
failure	risk	of	the	new	convergence	product,	marketing	strategies	that	can	create	market	share	of	the	product	are	important	to	the	producer.	We
assume	that	the	introduction	times	of	Product	1	and	Product	2	are	the	same	and	that	the	producer	of	Product	2	is	planning	to	launch	a	new
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convergence	product	(Product	3)	that	may	compete	with	Product	1	and	Product	2.	The	time-to-market	varied	from	one	month	before	to	five
months	before	the	introduction	of	Product	1	and	Product	2.	The	time-to-discount	was	changed	from	the	release	time	of	Product	3	to	five	months
after	the	time.	The	amount-to-discount	was	set	to	a	rate	from	0%	to	50%	in	increments	of	10%.

4.18 Figure	6	shows	the	sales	volume	of	Product	3	with	respect	to	the	release	time,	discount	time,	and	discount	rate	of	the	product.	In	this	figure,	the
entries	in	each	table	are	the	final	sales	volumes	of	Product	3	in	an	average	of	100	simulation	runs.	This	figure	also	supports	a	corresponding
contour	map	within	each	table.	The	numbers	in	the	leftmost	column	in	each	table	indicate	the	time	of	the	discount.	For	example,	in	Table	(c)	of
Figure	6,	the	number,	−2,	on	the	leftmost	column	indicates	a	price	discount	on	Product	3	applied	2	months	before	the	launches	of	the	other
products.	The	numbers	on	the	top	row	in	each	table	represent	discount	rates.	Even	though	there	is	no	discount	in	a	column	where	the	discount
rate	is	0%	in	each	table,	the	final	sales	volumes	differ.	For	example,	Table	(e)	of	Figure	6	shows	values	of	750.1,	747.1,	748.4,	749.3,	749.0,	and
749.4.	The	differences	among	the	sales	volumes	were	caused	by	randomness	in	the	product	choice	of	each	consumer	agent	in	Equation	8.

4.19 In	Figure	6,	an	earlier	release	with	a	higher	discount	rate	and	an	earlier	discount	time	produces	the	maximum	sales	volume	of	Product	3.	This
finding	is	easily	confirmed	by	examining	contour	maps	in	Figure	6.	The	results	ensure	that	the	proposed	simulation	model	represents	general
phenomena	expected	in	practice	very	well.	In	specific,	given	the	same	discount	rate	and	discount	time,	the	earlier	release	of	Product	3	appears	to
make	Product	3	dominate	the	market	share	and	to	lock	consumers	in	Product	3.	For	instance,	given	a	discount	rate	of	50%	and	a	discount	time	of
0,	the	sales	volume	of	Product	3	increases	as	the	release	time	is	set	earlier	–	the	sales	volume	is	421.0	when	the	release	time	is	0,	653.0	when
the	release	time	is	−1,	660.5	when	the	release	time	is	−2,	717.3	when	the	release	time	is	−	3,	779.1	when	the	release	time	is	−4,	and	832.4	when
the	release	time	is	−5.	We	may	suppose	that	an	early	release	of	Product	3	builds	a	lock-in	effect	by	early	adopters	of	Product	3	as	well	as
sufficient	social	influence	to	hold	a	dominant	position.

Figure	6.	The	final	sales	volume	of	Product	3	with	respect	to	discount	time	and	discount	rate:	(a)	when	release	time	is	0,	(b)	when	release	time	is
−1,	(c)	when	release	time	is	−2,	(d)	when	release	time	is	−3,	(e)	when	release	time	is	−4,	and	(f)	when	release	time	is	−5

4.20 Given	the	same	release	time	and	discount	time,	the	sales	volume	of	Product	3	increases	as	the	discount	rate	increases.	We	may	confirm	this
result	by	examining	every	table	of	Figure	6	from	left	to	right.	For	example,	given	the	release	time	by	−3	and	the	discount	time	by	−2	in	Figure	6
(d),	the	sales	volumes	with	discount	rates	of	0%,	10%,	20%,	30%,	40%,	and	50%	are	674.9,	729.5,	794.1,	845.4,	887.8,	and	917.7,	respectively.
We	believe	that	a	higher	discount	rate	stimulates	consumers	to	purchase	Product	3.

4.21 When	fixing	the	discount	rate	and	the	release	time,	we	observe	that	the	sales	volume	becomes	higher	or	remains	the	same	when	the	discount
time	is	over	a	month	earlier	than	the	other	products'	releases.	For	example,	in	Figure	6	(e),	where	the	release	time	is	−4,	when	the	discount	rate
is	fixed	as	10	%,	the	sales	volumes	with	discount	times	of	−3,	−2,	and	−1	are	810.3,	805.6,	and	806.7,	respectively.	Meanwhile,	those	with
discount	times	of	0,	1,	and	2	are	741.6,	755.4,	and	753.8,	respectively.	That	is,	the	sales	volume	decreases	as	the	discount	time	is	moved	later
than	the	other	products'	releases.
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4.22 Tables	in	Figure	6	were	converted	into	graphs	in	Figure	7,	in	which	each	path	shows	a	sales	volume	change	with	respect	to	the	discount	rate	for	a
discount	time.	At	a	macroscopic	level,	the	meanings	of	graphs	in	Figure	7	and	tables	in	Figure	6	are	the	same	–	an	earlier	release,	earlier
discount	time,	and	larger	discount	rate	facilitate	an	increase	in	the	sales	volume	of	Product	3.	However,	we	have	three	new	findings	from	Figure	7
at	a	microscopic	level.

4.23 The	first	finding	is	that	paths	in	each	graph	of	Figure	7	may	be	classified	into	two	groups	as	the	release	time	of	Product	3	is	moved	earlier.	This
phenomenon	is	clear	in	graphs	(c),	(d),	(e),	and	(f)	of	Figure	7.	In	those	graphs,	paths	of	discount	times	less	than	−1	(i.e.,	one	month	earlier	than
the	release	time	of	the	other	products)	grow	substantially	relative	to	the	others.	This	finding	indicates	that	Product	3	obtains	an	advantage	of	a
monopoly	with	a	strong	social	influence	when	discounting	its	price	at	least	two	months	earlier	than	the	introduction	of	the	other	products.	Many
potential	adopters	would	buy	Product	3	during	a	monopoly	period	because	of	the	stimulation	of	a	price	discount	and,	as	a	result,	few	consumers
were	left	before	the	introduction	of	the	other	products.	In	these	graphs,	a	price	discount	close	to	or	later	than	the	release	of	the	other	products	is
not	effective.	Such	a	phenomenon	is	not	seen	in	graphs	(a)	and	(b),	in	which	the	release	time	is	almost	the	same	as	that	of	the	other	products.
Overall,	an	earlier	product	release	and	discount	time	is	very	desirable	for	increasing	the	sales	volume	of	Product	3.

4.24 The	second	finding	is	that,	as	shown	in	concave	paths	in	graphs	(c),	(d),	(e),	and	(f)	of	Figure	7	in	which	release	time	is	earlier	than	−1	(for
example,	paths	for	discount	times	of	−2,	−3,	−4	and	−5	when	the	release	time	is	−5),	the	marginal	sales	volume	decreases	with	respect	to	the
discount	rate.	In	these	graphs,	the	diminishing	degree	of	the	marginal	sales	volume	increase	is	more	prominent	as	the	release	time	is	moved
earlier.	An	early	product	release	certainly	creates	a	monopoly	effect	with	a	strong	social	influence	and	high	discount	rate	also	stimulating	non-
adopters	to	buy	Product	3.	However,	an	excessive	discount	rate	does	not	increase	the	sales	volume	as	expected	(e.g.,	a	linear	increase)	because
some	non-adopters	who	prefer	Product	1	or	Product	2	remain	regardless	of	the	high	discount	rate	of	Product	3.	This	phenomenon	implies	that	the
producer	of	Product	3	should	pay	special	attention	to	choose	the	discount	rate	because	a	discount	rate	that	is	too	high	may	result	in	a	low	profit.

Figure	7.	The	final	sales	volume	of	Product	3	with	respect	to	the	discount	rate	for	each	discount	time	rate:	(a)	when	the	release	time	is	0,	(b)
when	the	release	time	is	−1,	(c)	when	the	release	time	is	−2,	(d)	when	the	release	time	is	−3,	(e)	when	the	release	time	is	−4,	and	(f)	when	the

release	time	is	−5

4.25 It	is	a	common	expectation	that	the	sales	volume	of	Product	3	increases	more	as	the	discount	time	is	moved	earlier.	However,	our	third	finding
from	the	experiment	is	that	the	order	of	sales	volumes	between	a	discount	time	of	−1	and	a	discount	time	of	0	(i.e.,	discount	is	applied	when	other
products	are	introduced)	is	reversed	in	all	graphs	in	Figure	7.	For	better	understanding,	we	monitored	traces	of	simulation	runs	when	the	release
time	of	Product	3	is	−3	and	its	discount	rate	is	20%.	Table	7	summarises	a	partial	trace	from	a	runtime	of	step	−3	to	3.

Table	7.	The	sales	volumes	of	Product	3	over	time	when	its	introduction	time	is	3	months	earlier	than	the	other	products	and	its	discount	rate	is
20%	(from	its	introduction	to	third	months	from	the	introductions	of	the	other	products)
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4.26 In	Table	7,	each	column	indicates	the	sales	volume	of	Product	3	over	time	with	respect	to	a	discount	time.	From	six	small	boxes	in	the	table,	we
know	that	the	price	discount	appears	to	be	effective	in	increasing	the	sales	volume	of	Product	3	–	for	instance,	when	the	discount	time	is	−2,	the
sales	volumes	increase	between	the	time	steps	−2	and	−1	is	438.85−702.07=263.22.	However,	in	the	large	box	outlined	in	red,	we	notice	that
numbers	of	the	third	column	(i.e.,	when	discount	time	is	−1)	and	those	of	the	fourth	column	(i.e.,	when	discount	time	is	0)	are	similar	until	the	time
step	is	0	(i.e.,	before	the	other	products	are	released).	In	addition,	the	numbers	in	the	fifth	and	the	sixth	columns	until	the	time	step	0	are	similar	to
those	in	the	third	and	the	fourth	columns.	From	the	observation,	we	know	that	results	with	similar	increases	in	sales	volume	are	caused	solely	by
monopolistic	social	influence	from	Product	3's	early	release.	Therefore,	in	the	case	of	the	third	column,	where	a	price	discount	on	Product	3	is
given	on	time	step	−1,	the	price	discount	effect	for	a	sales	volume	increase	disappears	due	to	the	strong	social	influence.	This	interesting	finding
gives	us	an	implication	that	a	product's	early	discount	time	close	to	the	release	time	of	competing	products	does	not	contribute	to	increase	the
sales	volume	of	the	product	significantly,	when	the	product	currently	holds	a	monopolistic	position	in	a	market	and	the	competing	products	are	to
be	released	soon.	Rather,	it	is	desirable	to	offer	a	price	discount	much	earlier	or	later	than	the	introduction	of	competing	products.

4.27 Furthermore,	by	knowing	that	one	producer	manufactures	Product	2	and	Product3,	we	can	find	a	conflict	in	the	market	share	between	the	sales
volumes	of	Product	2	and	Product	3	–	as	Product	3	gained	more	market	share	by	using	marketing	strategies,	Product	2	lost	more	market	share.
For	the	producer	of	Product	2	and	Product	3,	searching	the	optimal	discount	time,	discount	rate,	and	release	time	of	Product	3	that	achieves	the
maximum	revenue	in	such	a	trade-off	situation	is	important.	Figure	8	illustrates	the	revenue	of	the	producer	of	Product	2	and	Product	3	with
respect	to	the	discount	time,	discount	rate,	and	release	time	of	Product	3.	To	calculate	the	revenue,	we	have	used	the	real	sales	prices	of	the
three	products	in	June	2012.	The	prices	of	Product	1,	Product	2,	and	Product	3	were	500,000,	200,000,	and	490,000	Korean	won,	respectively.

4.28 For	every	release	time	of	Product	3,	the	minimum	revenue	occurred	in	two	conditions.	One	condition	is	when	the	price	discount	rate	of	Product	3
is	10%	or	20%.	The	other	condition	is	when	the	price	discount	on	Product	3	is	set	one	month	earlier	than	the	release	times	of	the	other	products.
A	low	discount	rate	and	discount	time	of	Product	3	right	before	the	releases	of	the	other	products	led	to	low	revenues	for	the	producer.	As	seen	in
the	previous	analysis,	the	discount	time	of	-1	led	to	a	small	sales	volume	of	Product	3.	Therefore,	an	early	discount	time	close	to	the	introduction
of	Product	1,	a	competing	product	of	a	different	producer,	with	a	low	discount	rate	gave	the	producer	of	Product	1	the	chance	to	increase	its	sales
volume.	Therefore,	if	Product	3	is	planned	for	release	at	a	discount	time	of	−1,	if	possible,	the	producer	should	offer	a	discount	of	more	than	20%
to	raise	revenue	or	may	have	to	avoid	the	discount	time	of	−1.
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Figure	8.	The	revenue	of	the	producer	of	Product	2	and	Product	3	with	respect	to	the	discount	time	and	discount	rate:	(a)	when	the	release	time
is	0,	(b)	when	the	release	time	is	−1,	(c)	when	the	release	time	is	−2,	(d)	when	the	release	time	is	−3,	(e)	when	the	release	time	is	−4,	and	(f)

when	the	release	time	is	−5

4.29 On	the	contrary,	the	maximum	revenue	was	achieved	when	the	discount	rate	of	Product	3	was	30%	or	40%.	Regardless	of	the	release	time	and
the	discount	time	of	Product	3,	the	discount	rate	of	30%	(or	40%	in	the	case	of	a	release	time	of	−2)	guaranteed	the	maximum	revenue	for	the
producer.	A	high	discount	rate	that	was	not	extreme	(e.g.,	a	50%	discount)	resulted	in	a	high	sales	volume	of	Product	3	with	the	greatest	revenue
for	the	producer.	In	addition,	when	the	release	time	of	Product	3	is	set	earlier	than	one	month	before	the	release	times	of	the	other	products	(i.e.,
tables	(c),	(d),	(e),	and	(f)	of	Figure	8),	the	discount	time	should	be	over	a	month	earlier	than	the	release	times	of	the	other	products.	This	result
implies	that	enough	time	for	dominant	social	influence	on	Product	3	is	required	to	improve	the	revenue	of	the	producer	(in	this	case,	two	months	or
more).	To	maximise	revenue	when	a	producer	introduces	a	new	high-profit	convergence	product	(e.g.,	Product	3)	and	sells	a	product	similar	to
but	less	profitable	than	the	convergence	product	(e.g.,	Product	2),	the	producer	should	not	only	release	the	new	convergence	product	but	also
give	a	price	discount	as	early	as	possible.	In	addition,	the	rate	of	the	price	discount	should	not	be	too	high	or	too	low.	However,	an	exception	is
observed	when	the	release	time	of	Product	3	is	0	or	−1	(i.e.,	tables	(a)	and	(b)	of	Figure	8).	In	such	a	condition,	the	maximum	revenue	is	achieved
with	a	discount	time	of	0.	This	special	case	implies	that	the	price	discount	should	be	offered	at	the	same	time	of	the	release	of	competitive
products	(e.g.,	Product	1)	if	technological	problems	make	the	release	time	of	the	new	convergence	product	very	close	to	the	release	times	of
competitive	products.	The	producer	does	not	have	enough	time	to	create	a	dominant	social	influence	for	the	new	convergence	product.

	Conclusion

5.1 Firms	are	struggling	in	a	competitive	market	environment.	A	successful	launch	of	a	new	product	necessitates	firms'	understanding	about	the
diffusion	dynamics	of	the	product	as	well	as	competing	products	to	employ	appropriate	marketing	strategies	such	as	timing	and	pricing.	In	this
study,	we	addressed	pricing	and	timing	strategies	of	a	new	product	by	developing	an	agent-based	product	diffusion	simulation.	In	recent	years,
agent-based	modelling	has	emerged	as	a	good	instrument	for	studying	complex	social	and	economic	phenomena.	This	technology	is	capable	of
investigating	how	macro	diffusion	dynamics	arise	from	individual	decisions	of	many	consumers	and	how	the	resulting	dynamics	feed	back	to	the
individual	decision	making	of	potential	adopters.

5.2 In	general,	consumers	are	not	perfectly	rational	when	they	choose	new	products	–	they	are	accustomed	to	evaluating	a	new	product	by
comparing	it	with	their	products	in	use	as	references	and	most	feel	losses	more	severe	than	gains,	even	when	the	amounts	are	the	same.	In	this
study,	we	modelled	consumers'	behaviours	of	reference	dependence	and	loss	aversion	and	built	an	agent-based	simulation	in	which	the	diffusion
dynamics	of	competing	products	emerge	from	the	aggregation	of	consumers'	individual	decisions.	In	the	proposed	simulation	model,	agents
imitate	behavioural	consumers	who	are	reference	dependent	and	risk	averse	in	the	evaluation	of	new	products	and	their	interactions	create	word-
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of-mouth	about	new	products,	which	affects	the	product	choice	of	potential	adopters.

5.3 The	proposed	simulation	model	was	applied	to	the	Korean	mobile	phone	market,	in	which	urban	young	people,	who	are	strongly	sensitive	to
social	influence,	are	the	most	critical	market	segment.	According	to	our	findings,	young	Koreans	are	more	likely	to	buy	a	superior	product	as	the
life	cycles	of	the	product	family	increase.	We	find	this	result	because	a	longer	life	cycle	leads	a	superior	product	to	have	enough	time	to	spread
good	opinions	on	the	product	throughout	social	networks.	However,	these	people	are	likely	to	purchase	an	inferior	product	as	they	become	more
sensitive	to	social	influence.	We	suspect	that	this	result	is	due	to	the	averaging	effect	of	word-of-mouth.	As	the	sensitivity	to	social	influence
increases,	consumer	agents	are	more	likely	to	rely	on	social	evaluation	transmitted	through	social	networks	rather	than	on	personal	evaluations.
Whereas	personal	evaluations	vary	highly,	integrating	neighbours'	evaluation	attenuates	this	variety.

5.4 Focusing	on	time-to-market,	time-to-discount,	and	amount-to-discount,	we	induce	pricing	and	timing	implications	from	the	perspective	of	the	sales
volume	of	a	new	convergence	product	and	the	revenue	of	the	producer	who	also	released	a	typical	mobile	phone	in	the	market.	According	to	our
result,	an	earlier	release	with	a	higher	discount	rate	and	an	earlier	discount	time	ends	with	the	maximum	sales	volume	of	the	new	convergence
product.	Specifically,	the	firm	must	introduce	the	product	and	provide	a	discount	on	the	product	at	least	two	months	earlier	than	competitors'
product	introduction.	Because	Korean	young	people	are	reference	dependent	and	loss	averse,	a	short	period	of	time,	such	as	one	month,	cannot
effectively	increase	the	sales	volume	of	the	product.	If	the	firm	produces	a	new	convergence	product	as	well	as	a	typical	product,	there	exists	a
trade-off	between	the	sales	volumes	of	the	two	products.	A	high	but	not	extreme	discount	rate	results	in	a	high	sales	volume	of	the	convergence
product	with	the	greatest	revenue	for	the	firm,	regardless	of	the	release	time	and	the	discount	time.	On	the	contrary,	a	low	discount	rate	and
discount	time	right	before	the	releases	of	other	products	lead	the	firm	to	obtain	minimal	revenues.

5.5 In	the	future,	we	plan	to	investigate	the	following	issues:

1.	 An	analysis	of	variance	on	time-to-market,	time-to-discount,	and	amount-to-discount	is	necessary	to	analyse	interaction	effects	on
changes	in	sales	volume.

2.	 A	thorough	validation	of	the	agent-based	model	based	on	prospect	theory	is	necessary.	This	study	concentrated	on	the	application	of	the
model	to	the	timing	and	pricing	of	a	new	product.	However,	the	predictive	power	of	the	model	should	be	further	validated	by	comparing
with	the	model	constructed	on	the	basis	of	conventional	utility	maximisation	principle	with	more	real	diffusion	data.

	Pseudo	code

	Function	main	[lambda]
																For	each	time-to-market	
																										For	each	time-to-discount
																																									For	each	amount-to-discount
																																																													For	each	replication
																																																																													setup	[lambda]	
																																																																													simulate	
End
				
Function	setup	[lambda]
																				setup-globals	[lambda]
																				make-consumers
																				assign-agent-attribute
																				make-init-neighbors
																				rewire-neighbors
																				renew-links
End
				
Function	make-consumers
																				Create	some	given	number	of	consumers
End
				
Function	setup-globals	[lambda]
																				Assign	0	to	time	step
																				Assign	lambda	to	decay	parameter
																				Assign	0	to	adopter	number	for	each	product
																				Assign	crisp	numbers	to	consumer's	linguistic	weights	on	products	attributes
																				Assign	the	probability	of	consumer's	sensitivity	to	social	influence	in	linguistic	form
End
				
Function	assign-agent-attribute
																				For	each	consumer	agent
																																	Assign	random	values	to	products'	attributes
																																	Retrieve	consumer's	weights	on	products'	attributes	randomly
																																	Convert	consumer's	weights	on	products'	attributes	into	crisp	numbers	using	triangular	fuzzy	number
																																	Retrieve	consumer's	sensitivity	to	social	influence	randomly
																																	Convert	consumer's	sensitivity	to	social	influence	into	crisp	numbers	using	triangular	fuzzy	number
																																	Assign	sum	of	value	of	reference	product	attributes	to	total	value	of	reference	product
End
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Function	make-init-neighbors
																				For	each	consumer	agent
																																	Assign	neighbors	as	many	as	the	degree	of	connectivity
End
				
Function	rewire-neighbors
																				For	each	consumer	agent
																																	Connect	to	its	own	neighbors
																				Rewire	the	connections	in	probability	of	rewiring	probability
End
				
Function	renew-links
																				For	each	consumer	agent
																																	if	the	number	of	connections	is	NOT	equal	to	the	degree	of	connectivity
																																														Add/Delete	connections	until	the	number	of	connections	is	equal	to	the	degree	of	connectivity
End
				
Function	simulate
																				get-socio-influence
																				get-prospected-value-of-new-products
																				get--value-of-products
																				update-threshold
																				buy-product
End
				
Function	calculate-value-function	[attribute	value	of	new	product	-	attribute	value	of	reference	product,	weight	of	attribute]	
																				If	attribute	value	of	new	product	-	attribute	value	of	reference	product	is	bigger	than	0
																																	Return	attribute	value	of	new	product	-	attribute	value	of	reference	product
																				Else
																																	Return	(1	+	weight	of	attribute)	*	(attribute	value	of	new	product	-	attribute	value	of	reference	product)	
End
				
Function	get-socio-influence
																				For	each	consumer	agent
																																	For	each	released	products
																																														For	each	attributes
																																																																			Retrieve	all	the	neighbors'	attribute	value	and	average	them
																																																																			Reassign	attribute	value	by	(1	-	sensitivity	to	social	influence)	*	my	attribute	value	+	(sensitivity	to	social
influence	*	the	averaged	attribute	value	of	all	the	neighbors)	
End
				
Function	get-prospected-value-of-new-products
																				For	each	consumer	agent
																																	For	each	released	products
																																														For	each	loss	aversive	attributes
																																																											Retrieve	weight	of	attribute
																																																											If	attribute	is	price
																																																																							Retrieve	amount-to-discount
																																																																							Reassign	attribute	value	by	calculate-value-function	[attribute	value	of	released	products	+	amount-
to-discount	-	attribute	value	of	reference	product,	weight	of	attribute]	+	attribute	value	of	reference	product
																																																											If	attribute	is	not	price
																																																																							Reassign	attribute	value	by	calculate-value-function	[attribute	value	of	released	products	-	attribute
value	of	reference	product,	weight	of	attribute]	+	attribute	value	of	reference	product
End
				
Function	get--value-of-products
																				For	each	consumer	agent
																																	For	each	released	products
																																														Assign	sum	of	value	of	new	product	attributes	to	total	value
End
				
Function	update-threshold
																				For	each	consumer	agent	
																																	Retrieve	decay	parameter
																																	Retrieve	time	step
																																	Assign	total	value	of	reference	product	^	(-	decay	parameter	*	time	step)	to	threshold	
End
				
Function	buy-product
																				For	each	consumer	agent
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																																	For	each	released	products
																																														Buy	a	product	according	to	multi-nomial	logit	model
End

	Appendix	Triangular	fuzzy	number

	Fuzzy	set	theory	supports	an	effective	way	to	quantify	the	linguistic	terms	of	fuzzy	variables.	The	ambiguity	of	each	term	in	this	study	is	classified
as	a	value	set	with	a	triangular	membership	functions	(Zimmermann	2001)	as	in	Figure	A.	As	in	Figure	B,	a	value	set	of	(a,b,c)	is	called	triangular
fuzzy	number.	The	corresponding	membership	function	implies	how	much	certain	a	value	in	the	set	is	classified	as	a	linguistic	term.	We	define
triangular	fuzzy	numbers	for	weight	on	a	product	attribute	and	sensitivity	to	social	influence	in	five	scales.

Figure	A.	The	fuzzy	member	function	of	Table	A
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Figure	B.	The	fuzzy	member	function	of	Table	B

Figure	C.	A	depiction	of	a	triangular	fuzzy	number

Table	A.	Linguistic	terms	of	weight	and	corresponding	triangular	fuzzy	number

Table	B.	Linguistic	terms	of	sensitivity	to	social	influence	and	corresponding	triangular	fuzzy	number

We	apply	the	graded	mean	integration	representation	method	(Chou	2003)	which	provides	easier	understanding	and	simpler	calculation	for
triangular	fuzzy	number	with	a	scalar.	The	methods	converts	a	fuzzy	number	into	a	crisp	value	as	follows	(refer	to	Chou	(2003)	for	more	detail).

Definition.	The	graded	mean	integration	representation	method	transforms	a	triangular	fuzzy	number	X	=	(x1,	x2,	x3)	into	a	crisp	number	P(X)	by
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