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Abstract	
The	research	investigates	how	different	pricing	methods	and	consumer	actions	in	digital	marketplaces	are	connected.	
According	to	the	Elaboration	Likelihood	Model	(ELM),	this	study	focuses	on	how	people	make	decisions	about	online	
pricing	based	on	reasoning	(central	route)	or	feelings	(peripheral	route).	The	study	gathers	data	through	the	five	major	
e-commerce	systems	employing	the	in-house	developed	system,	Pricing	Blocker,	which	tracks	prices	with	consumer	
engagement	rates	every	six	months.	The	10,000	participants	(N)	were	split	into	three	experimental	groups	to	test	the	
effect	 of	 static	 pricing,	 dynamic	 pricing	 and	 the	 combination	 of	 dynamic	 pricing	 and	 a	 set	 of	 behavioural	 nudges.	
Willingness	 to	 pay	 (WTP)	 and	 purchase	 intention	 were	 evaluated	 using	 surveys	 and	 behavioural	 tracking.	 The	
researchers	used	an	experimental	setup,	choosing	three	groups	to	study,	while	testing	price	variations	and	behaviour	
cues.	By	using	regression	analysis	and	ANOVA,	we	determined	if	device	type,	location	and	behavioural	nudges	affected	
how	willing	people	were	to	pay	and	how	likely	they	were	to	buy	the	products.	Results	indicate	that	participants	open	
to	dynamic	pricing	were	ready	to	pay	more,	or	$58.84	on	average.	Higher	conversion	rates	(32%)	were	seen	among	
those	who	received	nudges,	proving	that	those	emotional	strategies	work	well.	However,	almost	half	of	users	(44%)	
worry	 about	 there	 being	 some	 manipulation	 of	 prices	 within	 crypto	 currencies.	 Further,	 it	 elaborates	 on	 policy	
implications,	referring	to	the	regulation	of	digital	markets	and	ethical	design.	This	study	encourages	policy	formulators	
and	digital	marketers	to	further	create	a	balance	of	commercial	innovation	with	fairness	in	online	transactions.	
Keywords:	Consumer	Psychology,	Decision-making	Pathways,	Elaboration	Likelihood	Model,	Marketing	Strategies,	
Price	Perception,	Willingness	to	Pay.	
	

Introduction	
Digital	 commerce	 has	 changed	 the	 manner	 in	
which	 business	 price	 setting	 is	 done.	 Online	
retailers	currently	manipulate	prices	 in	 real	 time	
according	to	their	user	behaviour,	type	of	devices	
and	location	(1).	Dynamic	pricing	allows	sellers	to	
react	 quickly	 to	 changes	 in	 market	 demand.	 It	
enhances	 revenue	 and	 efficiency	 as	 well.	
Nonetheless,	 they	 are	 practices	 that	 have	 ethical	
implications	for	the	consumers.	The	occurrence	of	
regular	 and	unexplained	price	destruction	builds	
in	distrust	and	erosion	of	brand	loyalty	(2).	With	a	
constantly	growing	e-commerce	industry,	there	is	
an	ever-growing	 concern	 regarding	 the	necessity	
to	learn	more	about	consumer	reactions	to	pricing	
strategies.	Millions	of	transactions	are	made	on	the	
world	 platforms	 every	 day.	 The	 interaction	 of	
technology,	 psychology	 and	 economic	 forces	
creates	a	 complicated	 result	on	each	 transaction.	
Customers	operate	in	a	world	where	the	prices	can	
vary	 with	 each	 visit	 (3).	 This	 brings	 about	

ambiguity,	which	affects	their	perception	of	value	
and	purchasing	decisions.	The	available	literature	
is	 inclined	 to	 analyze	 the	 pricing	 strategy	 and	
consumer	 psychology	 separately	 and	 there	 is	 a	
relatively	 small	 focus	 on	 the	 interaction	 of	 these	
two	factors	in	digital	space	(4).	This	paper	fills	that	
gap	by	exploring	 consumer	 reactions	 to	dynamic	
pricing	 and	 behavioural	 nudges	 based	 on	 three	
theoretical	 frameworks	 that	 complement	 each	
other:	the	Elaboration	Likelihood	Model	(ELM),	the	
Technology	Acceptance	Model	(TAM)	(5)	and	Price	
Anchoring	Theory	(6).	An	ELM	formulated	by	Petty	
and	Cacioppo	differentiates	between	two	channels	
of	persuasion:	a	central	pathway	that	is	carried	out	
with	 cautious	 cognitive	 processing	 and	 a	
peripheral	 pathway	 that	 proceeds	 through	 the	
action	of	emotional	appeals	and	mental	shortcuts.	
Online	marketplace	high-involvement	buyers	shop	
in	a	systematic	fashion,	low-involvement	shoppers	
in	a	reactive	manner,	in	line	with	urgency	
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indications	and	discount	cues.	TAM	assumes	that	
intricate	 or	 murky	 pricing	 interfaces	 decrease	
consumer	 interaction	 despite	 competitive	 prices	
(7).	 Recent	 additions	 to	 TAM	 also	 focus	 on	 the	
impact	 of	 trust	 and	 data-privacy	 issues	 on	
reactions	 to	 algorithm-based	 pricing	 (8).	 The	
theory	of	price	anchoring	is	used	to	explain	the	fact	
that	consumers	base	their	buying	behaviour	on	the	
initial	price	that	they	see;	the	retailers	capitalize	on	
this	 and	 offer	 original	 prices	 next	 to	 discounted	
ones	to	maximize	the	amount	of	perceived	savings	
(9).	 Trust,	 however,	 goes	 down	 drastically	when	
consumers	 identify	 artificially	 inflated	 anchors	
(10).	
The	 use	 of	 behavioural	 nudges	which	 are	 design	
elements	 helping	 in	 decision-making	 without	
limiting	a	choice,	is	commonly	used	in	e-commerce	
by	countdown	clocks,	 scarcity	alerts,	 social	proof	
icons	and	other	elements	(11).	These	instruments	
utilize	psychological	triggers	like	urgency	and	loss	
avoidance	and	they	work	best	when	buyers	do	not	
actively	reason	about	that	(12).	Nudging	too	much	
or	too	open,	though,	may	elicit	consumer	apathy	or	
scepticism	(13).	The	moral	controversy	is	whether	
nudges	 are	 effective	 in	 safeguarding	 consumer	
interests	 or	 if	 they	 deceive	 behaviour	 by	
manipulating	 them	 without	 their	 consent	 (14).	
Even	though	progress	has	been	made	in	all	 these	
areas	 on	 an	 individual	 basis,	 there	 are	 some	
significant	 gaps	 in	 the	 literature.	 Few	 studies	
combine	ELM,	TAM	and	price	anchoring	in	a	single	
line	of	analysis	and	still	fewer	studies	address	the	
combined	 impact	 of	 dynamic	 pricing	 and	
behavioural	nudges	on	actual,	observed	purchase	
behaviour.	The	bulk	of	extant	literature	researches	
a	 single	 pricing	 strategy	 separately.	 The	
moderating	effect	of	digital	 literacy	on	 consumer	
reactions	 to	 pricing	 strategies	 is	 also	 an	 under-
researched	 issue,	 not	 to	mention	 the	 question	 of	
whether	 pricing	 transparency	 will	 lead	 to	 long-
term	brand	loyalty	(15).	This	research	paper	will	
fill	these	gaps	by	the	application	of	a	multi-group	
experimental	 design	 on	 five	 large	 e-commerce	
websites	with	the	aid	of	a	self-developed	browser	
tool	 to	 record	 live	 pricing	 information	 and	
consumer	behaviour.	
This	 study	 has	 three	 hypotheses	 based	 on	 the	
theoretical	foundations	mentioned	above.	
H1:	Dynamic	pricing	 enhances	 the	willingness	 to	
pay	 in	 relation	 to	 the	willingness	 to	pay	 in	 static	
pricing.		

This	is	based	on	ELM	theory	and	price	anchoring	
theory.	 The	 ever-changing	 prices	 cause	 a	
perception	 that	 what	 is	 offered	 is	 special.	 The	
existence	 of	 anchoring	 effects	 causes	 the	 current	
price	 to	 appear	 as	 a	 good	 deal	 in	 comparison	 to	
past	prices.	
H2:	Behavioural	nudges	and	dynamic	pricing	have	
an	 additional	 positive	 effect	 on	 WTP	 and	
conversion	rates.		
This	is	based	on	the	nudge	theory	and	peripheral	
processing	in	the	ELM.	Nudges	like	urgency	clocks	
and	scarcity	warnings	are	emotional	 in	response.	
Such	 reactions	 do	 not	 go	 through	 thorough	
examination	and	make	quick	purchase	decisions.	
H3:	 Dynamic	 pricing	 decreases	 the	 perceived	
fairness	and	consumer	trust.		
It	 is	 evidenced	 by	 the	 existing	 results	 on	 price	
manipulation	 and	 consumer	 scepticism.	 When	
consumers	 are	 exposed	 to	 high	 rates	 of	 price	
fluctuations	that	are	not	explained	by	any	reason,	
they	form	negative	perceptions	about	the	platform.	
This	 loss	 of	 trust	 can	 counter	 the	 immediate	
improvement	 in	 revenues	 through	 dynamic	
pricing.	
The	 research	 looks	 at	 these	 assumptions	 with	 a	
view	 to	providing	 a	 theoretical	 understanding	 as	
well	 as	 practical	 recommendations	 to	 digital	
marketers,	platform	designers	and	policymakers.	 	
	

Methodology	
The	 research	 design	 of	 this	 study	 is	 a	 quasi-
experimental,	 between-subjects	 design.	 The	
methodology	is	appropriate	to	test	the	causality	of	
the	 pricing	 strategies	 on	 consumer	 behaviour.	
Carryover	 effects	 in	 the	 between-subjects	 design	
are	avoided.	It	permits	a	clean	comparison	of	three	
different	 pricing	 groups.	 Survey-based	 or	
qualitative	 methods	 would	 not	 give	 real-time	
behavioural	reactions	to	changes	in	price.	As	such,	
it	will	be	the	most	suitable	experimental	design	to	
use	for	the	research	questions.	The	reason	why	a	
between-subjects	but	not	a	within-subjects	design	
was	chosen	was	not	accidental.	Presentation	of	the	
same	 user	 under	 all	 three	 conditions	 may	 raise	
consciousness	 of	 price	manipulation.	 This	would	
alter	 their	 behaviour	 in	 a	 manner	 that	 does	 not	
depict	normal	shopping.	The	study	will	ensure	that	
the	responses	are	based	on	natural	behaviour	by	
ensuring	 that	 each	 user	 is	 assigned	 to	 a	 single	
group.	
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Research	Design	
The	research	gathered	data	in	two-time	frames	to	
ensure	the	existence	of	the	effect	of	time	on	pricing.	
This	two-phase	system	tested	the	timing	issue	on	
prices	 and	 whether	 the	 results	 were	 consistent	
(16).	There	were	two	vendors	whose	products	and	
services	were	selected.	They	went	as	 low	as	8.99	
EUR	and	up	to	1,600	EUR.	The	assortment	of	goods	
and	 services	 was	 to	 reflect	 various	 prices	 and	
classifications.	 There	 were	 low-cost	 items	 and	
high-cost	 services.	 This	 enables	 the	 research	 to	
evaluate	 the	 validity	 of	 the	 effects	 of	 prices	 at	
various	levels	of	expenditure.	
The	approximations	in	this	study	are	the	models.	
Perfect	information	is	hardly	accessible	to	human	
actors	(17).	They	depend	on	the	indicators	that	are	
chosen	 on	 the	 basis	 of	 informed	 guesses.	 The	
research	 does	 not	 make	 a	 claim	 of	 flawless	
prophecy.	 Rather,	 it	 aims	 at	 finding	 out	 the	 key	
drivers	 of	 price	 changes	 based	 on	 behavioural	
science	 approaches.	 The	 research	 isolates	 the	
effects	of	various	pricing	techniques	on	consumer	
outcomes	 by	 manipulating	 the	 use	 of	 various	
pricing	 techniques.	Any	effect	of	dynamic	pricing	
and	behavioural	nudges	in	combination	can	also	be	
caught	by	this	design.	
Experimental	Setup	
The	 experiment	 involved	 three	 groups	 of	 users	
based	 on	 actual	 product	 pages.	 Group	 A	 was	
normal	 pricing	 and	 no	 behaviour	 change	 was	
applied.	 This	 was	 the	 control	 condition	 group.	
Group	B	was	 subjected	 to	 live	 price	 adjustments	
(according	 to	 device,	 location	 and	 history).	 This	
was	a	test	of	the	efficacy	of	dynamic	pricing	on	its	
own.	Group	C	was	subjected	to	dynamic	pricing	as	
well	 as	 behavioural	 nudges.	 These	 nudges	 were	
represented	 as	 scarcity	 warnings,	 social	 proof	
indicators	and	countdown	timers.	This	group	was	
used	to	test	the	joint	action	of	behavioural	cues	and	
pricing.	The	between-subjects	design	enabled	the	
research	 team	 to	 compare	 the	 conditions	
individually.	All	the	participants	were	split	into	one	
group	to	eliminate	a	carryover	effect.	
The	 information	was	gathered	during	six	months	
of	 the	 period	 between	 October	 2023	 and	 March	
2024.	 This	 was	 the	 seasonal	 purchasing	 period,	
such	as	holidays	and	clearance.	It	also	took	normal	
buying	 periods	 in	 comparison.	 Two	 time	 points	
were	 taken	 on	 price	 and	 interaction	 data	 to	
enhance	reliability.	The	first	product	page	was	T1.	
T2	consisted	of	a	follow-up	of	changes	in	behaviour	

in	24-72	hours.	This	design	was	a	two-point	design,	
which	enabled	the	study	to	observe	the	immediate	
and	delayed	consumer	response.	
Sampling	Strategy	
The	sampling	frame	comprised	users	of	5	leading	
e-commerce	sites.	There	was	a	 stratified	 random	
sampling.	The	type	of	device	and	geographic	area	
were	 used	 as	 stratification.	 The	 desired	 sample	
was	 10,000	 individuals.	 These	 were	 equally	
allocated	 in	Groups	A,	 B	 and	C.	 The	 respondents	
were	required	to	be	at	least	18	years	old	and	active	
users	 of	 e-commerce.	 Sessions	 marked	 as	 bot	
activity	 or	 partial	 were	 excluded	 during	 the	
analysis.	This	will	make	the	sample	representative	
of	what	 the	actual	consumer	diversity	 is	and	will	
also	aid	the	validity	of	the	results.	
Variables	and	Measures	
The	 independent	variables	were	 the	 condition	of	
pricing	 (static	 price,	 dynamic	 price	 and	 dynamic	
plus	nudges),	type	of	device	(mobile	and	desktop),	
location	of	the	user	and	time	of	access.	Willingness	
to	 pay,	 rate	 of	 click-through,	 rate	 of	 cart	
abandonment	 and	 decision	 to	 make	 a	 purchase	
were	 the	 dependent	 variables.	 The	 moderators	
were	 the	 digital	 literacy	 of	 the	 consumers,	 the	
perceived	 fairness	 and	 trust	 in	 the	 platform.	
Measurement	 of	 all	 the	 variables	 was	 done	 via	
direct	 behavioural	 observation	 and	 post-session	
Likert-scale	 questionnaires.	 The	 actual	 price	
interaction	data	was	used	to	determine	willingness	
to	pay.	A	click-through	rate	will	determine	the	ratio	
of	users	who	have	taken	action	on	a	product	listing.	
The	cart	abandonment	rate	followed	the	users	who	
had	 items	 in	 their	 cart	 but	 failed	 to	 make	 the	
purchase.	 Purchase	 decision	 was	 a	 dichotomous	
variable,	 which	 stated	 whether	 a	 purchase	 was	
made.	 The	 Likert-scale	 questionnaires	 were	
administered	 on	 a	 five-point	 scale	 with	 strongly	
disagree	to	agree	strongly.	They	did	the	subjective	
measures	of	justness,	trust	and	urgency.	
Inclusion	and	Exclusion	Criteria	
The	 participants	 were	 required	 to	 be	 above	 18	
years	of	age.	They	are	supposed	to	have	done	some	
online	 shopping	 at	 least	 once	within	 the	 last	 six	
months.	Only	users	who	accessed	products	on	the	
five	platforms	that	were	chosen	were	considered.	
The	sessions	with	a	length	of	less	than	30	seconds	
were	not	taken	into	consideration.	There	were	also	
bot-flagged	sessions	that	were	eliminated	from	the	
dataset.	Those	users	who	failed	to	finish	the	T1	and	
T2	tests	were	not	included	in	the	final	analysis.	
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Empirical	Data	Collection	
The	Pricing	Blocker	software	was	the	primary	data	
collection	instrument	(18).	This	is	used	to	monitor	
fluctuations	in	price	on	various	online	sites	in	real	
time.	It	records	the	fluctuations	of	prices	to	various	
user	profiles.	The	tool	was	selected	because	it	can	
record	live	pricing	strategies	that	are	employed	by	
retailers	(19).	It	records	the	price	displayed	to	the	
individual	 user,	 together	 with	 information	
regarding	 the	 user's	 devices,	 location	 and	
browsers.	This	data	was	 compared	 to	 the	 survey	
responses	collected	at	 the	end	of	every	browsing	
session.	A	combination	of	behavioural	tracking	and	
self-reported	data	is	more	informative	than	either	
one.	The	Pricing	Blocker	was	installed	in	the	form	
of	 a	 browser	 extension	 on	 the	 devices	 of	
participants.	 It	 was	 significantly	 passive	 and	 did	
not	interfere	with	the	user	experience.	
Regression	Analysis	
Several	predictors	were	modelled	using	a	multiple	
linear	regression	to	examine	the	effects	of	each	on	
the	purchase	decision	and	WTP.	The	independent	
variables	 that	 were	 incorporated	 in	 the	 model	
were	pricing	 condition,	 device	 type,	 location	 and	
exposure	 to	behavioural	nudge.	The	assumptions	
to	be	made	were	tested	before	the	regression	was	
run.	 The	 Shapiro-Wilk	 test	 was	 used	 to	 test	 the	
normality	 of	 the	 residues.	 The	 findings	 indicated	
that	 the	 outcome	 variables	 were	 normally	
distributed,	with	an	approximation.	The	Variance	
Inflation	 factors	 (VIF)	 were	 used	 to	 determine	
multicollinearity.	 All	 the	 values	 of	 VIF	 were	 less	
than	5,	which	showed	no	severe	multicollinearity.	
This	 implies	 that	 the	 predictors	 are	 independent	
enough.	 Residual	 plots	 were	 used	 to	 test	 the	
homoscedasticity.	 Nothing	 significant	 was	
violated.	 The	 fit	 of	 the	 models	 was	 assessed	 by	
values	of	R-squared	and	adjusted	R-squared.	There	
was	a	good	model	fit	as	both	values	were	high.	The	
regression	enabled	the	research	to	single	out	 the	
distinct	impact	of	each	element	on	pricing	results	
(20).	The	relative	strength	of	each	of	the	predictors	
was	compared	using	standardised	coefficients.	
Statistical	Analysis	
Type	III	Sum	of	Squares	was	used	to	evaluate	the	
variance	attributed	to	each	factor	in	the	study.	All	
factors	 and	 interactions	 were	 computed	 and	
obtained	 degrees	 of	 freedom,	 mean	 square,	 F-
statistic	and	p-value	(20).	The	means	of	the	three	
pricing	 conditions	 of	 the	 groups	were	 compared	
using	ANOVA.	To	determine	which	of	the	specific	

groups	 differed,	 post	 hoc	 comparisons	 were	
performed.	 The	 moderation	 effects	 of	 country,	
perception	 of	 fairness	 and	 type	 of	 device	 were	
tested	by	the	PROCESS	macro	by	Hayes	(21).	This	
macro	gives	the	opportunity	to	test	the	conditional	
effects	in	the	regression	framework.	The	statistical	
tests	 were	 conducted	 in	 SPSS	 with	 the	 level	 of	
significance	of	p	<.05.	Partial	eta	squared	was	used	
to	calculate	effect	sizes	of	ANOVA	and	standardised	
beta	 coefficients	 to	 calculate	 regression	 effect	
sizes.	
Conceptual	Framework	
This	 study	 has	 four	 layers	 of	 a	 conceptual	
framework.	 The	 initial	 layer	 deals	 with	 the	
theoretical	 background:	 ELM,	 TAM	 and	 Price	
Anchoring	 Theory.	 These	 models	 provide	 the	
reason	why	consumers	react	differently	to	pricing.	
The	 second	 layer	 presents	 the	 experimentation	
design	 containing	 three	 pricing	 conditions	 for	
Groups	 A,	 B	 and	 C.	 All	 these	 groups	 are	 at	 a	
different	degree	of	pricing	intervention.	The	third	
level	describes	the	analytical	procedures,	such	as	
ANOVA,	 regression	 analysis	 and	 moderation	
testing.	Such	techniques	enable	 the	researcher	to	
put	 each	 hypothesis	 to	 the	 test	 on	 a	 statistical	
rigorous	 basis.	 The	 fourth	 level	 determines	 the	
outcome	measures:	WTP,	purchase	 intention	and	
perceived	 trust	 and	 fairness.	 Every	 theoretical	
foundation	 is	 linked	 to	 certain	 hypotheses.	 The	
experimental	 groups	 are	 used	 to	 test	 the	
hypotheses.	The	outcome	measures	are	fed	by	the	
results	 of	 the	methods	 used	 in	 the	 analysis.	 This	
structure	 demonstrates	 the	 interconnection	
between	theory,	design,	analysis	and	outcomes.	It	
gives	 a	 vivid	 framework	 for	 the	 result	
interpretation.	The	arrows	on	a	visual	diagram	of	
this	 framework	would	be	theories	 to	hypotheses,	
hypotheses	 to	 groups,	 analysis	 to	 groups	 and	
groups	to	outcomes.	
	

Results	
This	 section	 provides	 the	 research	 results	 of	 the	
experiment	 and	 statistics	 analysis.	The	outcomes	
include	 the	 impact	 of	 pricing	 strategies	 on	
willingness	 to	 pay,	 purchase	 behaviour	 and	
consumer	 trust	 (22).	 The	 review	 is	 systematic.	
First,	 the	 important	 variables	 are	 described.	
Thereafter,	 descriptive	 and	 inferential	 statistics	
are	represented	by	three	major	tables.	Following	it,	
the	influence	on	WTP,	purchase	intent	and	trust	is	
discussed.	The	ANOVA	and	regression	were	used	
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to	 compare	 group	 outcomes	 in	 the	 study.	
Moderator	 effects	 were	 tested	 by	 the	 PROCESS	
macro	by	Hayes.	
Variables	Explanation	
A	device	is	defined	as	the	nature	of	the	device	that	
consumers	use,	which	could	be	desktops,	laptops,	
or	smartphones.	The	type	of	device	influences	the	
user	 experience	 and	 navigation	 ability.	 Mobile	
clients	tend	to	browse	and	take	hasty	steps.	Users	
on	 the	 desktop	 spend	more	 time	 in	 comparison.	
The	 country	 is	 the	 geographic	 location	 of	 the	
consumers.	 Economic	 disparities	 and	 cultural	
preferences	 can	 be	 influencers	 of	 behaviour	 and	
willingness	 to	 pay	 (23).	 An	 operating	 system	 is	

defined	as	the	software	of	the	device,	i.e.,	Windows	
android,	or	iOS.	It	may	influence	the	appearance	of	
interfaces	and	compatibility	of	apps	(24).	The	same	
website	can	have	a	different	appearance	in	various	
operating	 systems.	 Client	 type	 differentiates	
between	new	and	existing	users.	Returning	users	
might	 have	 higher	 expectations	 about	 new	users	
(8).	 Repeat	 users	 tend	 to	 have	 a	 higher	 level	 of	
familiarity	with	the	platform	and	do	not	rely	on	the	
first	 impressions.	 Browsing	 history,	 search	
patterns	and	previous	purchases	are	 recorded	 in	
behaviour.	 Such	 pieces	 of	 data	 allow	 custom	
pricing	and	marketing	(25).	Users	whose	browsing	
history	 is	 rich	 might	 be	 given	 different	 charges	
compared	to	their	new	visitors.	

	

Table	1:	Between-	subject	Effects,	Product	Vendor	1	(Dependent	Variable:	T1_V1P_Mean)	
Source	 Type	III	SS	 df	 Mean	Square	 F	 Sig.	

Corrected	Model	 5085.15	 71	 71.62	 17.010	 0.000	

Intercept	 305441.30	 1	 305441.30	 72539.47	 0.000	

Device	 63.99	 1	 63.99	 15.198	 0.000	

Country	 194.18	 2	 97.09	 23.057	 0.000	

OS	 518.23	 2	 259.11	 61.537	 0.000	

ClientType	 79.08	 1	 79.08	 18.781	 0.000	

Behaviour	 118.47	 1	 118.47	 28.134	 0.000	

Device	*	Country	 43.77	 2	 21.88	 5.197	 0.008	

Country	*	OS	 388.95	 4	 97.24	 23.093	 0.000	

Country	*	Behaviour	 67.41	 2	 33.71	 8.005	 0.001	

Error	 303.17	 72	 4.21	 	 	

Total	 307746.49	 144	 	 	 	

Note:	R	Squared	=	0.944	(Adjusted	R	Squared	=	.888).	Only	significant	effects	are	shown.	
	

The	 corrected	 model	 is	 significant	 (F	 =	 17.01,	 p	
<0.001),	as	illustrated	in	Table	1.	This	implies	that	
the	combination	of	the	independent	variables	will	
be	 a	 significant	 predictor	 of	 the	 outcome.	 Of	 the	
personal	factors,	OS	was	the	most	significant	(F	=	
61.54,	 p	 <	 0.001).	 Strong	 predictors	 were	 also	
Country	(F	=	23.06,	p	<0.001)	and	Behaviour	(F	=	
28.13,	p	<0.001).	Client	type	and	device	type	were	
also	 important.	 There	 were	 some	 two-way	
interactions	 that	 were	 important	 and	 they	
included	the	Device	by	Country	and	the	Country	by	

OS.	 Interactions	 of	 higher	 order	 were	 largely	
insignificant.	 The	 value	 of	 R-squared	 of	 0.944	
indicates	 that	 the	model	captures	 the	majority	of	
the	 variance.	 This	 implies	 that	 the	 consumer	
response	 is	 explained	 by	 the	 chosen	 variables	
almost	entirely.	The	strong	influence	of	OS	implies	
that	 the	 design	 of	 platforms	 is	 important.	 The	
experience	of	the	users	on	other	operating	systems	
might	 be	 different	 on	 the	 same	 site.	 This	 may	
influence	their	price	perception.	

	

Table	2:	Between-subject	Effects,	Product	Vendor	2	(Dependent	Variable:	T2_V2S_Mean)	
Source	 Type	III	SS	 df	 Mean	Square	 F	 Sig.	

Corrected	Model	 74833.28	 71	 1053.99	 327.50	 0.000	

Device	 6918.28	 1	 6918.28	 2149.64	 0.000	

Country	 13728.66	 2	 6864.33	 2132.88	 0.000	

OS	 5888.20	 2	 2944.10	 914.79	 0.000	

ClientType	 552.96	 1	 552.96	 171.82	 0.000	
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Behaviour	 902.90	 1	 902.90	 280.55	 0.000	

Device	*	Country	 7142.79	 2	 3571.39	 1109.70	 0.000	

Country	*	OS	 775.18	 4	 193.79	 60.22	 0.000	

Country	*	Behaviour	 390.18	 2	 195.09	 60.62	 0.000	

Error	 231.72	 72	 3.22	 	 	

Total	 1310010.87	 144	 	 	 	

Note:	R	Squared	=	0.997	(Adjusted	R	Squared	=	0.994).	Only	significant	effects	are	shown.	
	

Table	2	presents	the	results	of	Product	Vendor	2.	
This	model	was	of	great	importance	(F	=	327.50,	p	
<	0.001).	The	strongest	effects	were	on	the	devices	
(F	 =	 2149.64)	 and	 country	 (F	 =	 2132.88).	
ClientType,	 OS	 and	 Behaviour	 were	 noteworthy	
too.	Interactions	between	devices	that	are	key	and	
two-way	were	very	high,	like	Device	by	Country	(F	
=	 1109.70).	 R-squared	 of	 0.997	 means	 almost	
perfect	 variance	 coverage.	 This,	 however,	 can	
indicate	 possible	 overfitting	 because	 there	 are	
numerous	predictors.	It	is	worth	noting	that	the	F-

statistics	in	Table	2	are	much	larger	than	those	in	
Table	 1.	 They	 indicate	 that	 service-associated	
purchases	are	more	responsive	to	study	variables	
as	 compared	 to	 product	 purchases.	 This	 is	
understandable	since	services,	in	most	cases,	need	
more	trust	and	consumer	interaction.	The	value	of	
R-squared	 is	 large,	 indicating	 that	 the	 variables	
selected	in	this	study	are	almost	inclusive	in	the	set	
of	 factors	 that	 are	 important	 in-service	 pricing	
perception.	

	

Table	3:	Between-subject	Effects	on	Services	Overall	
Source	 Type	III	SS	 df	 Mean	Square	 F	 Sig.	
Corrected	Model	 286423.86	 71	 4034.14	 59.97	 0.000	
Device	 8849.87	 1	 8849.87	 131.57	 0.000	
Country	 50640.72	 2	 25320.36	 376.43	 0.000	
OS	 18273.35	 2	 9136.68	 135.83	 0.000	
ClientType	 1310.63	 1	 1310.63	 19.49	 0.000	
Behaviour	 3154.42	 1	 3154.42	 46.90	 0.000	
Device	*	Country	 1813.91	 2	 906.96	 13.48	 0.000	
Country	*	OS	 3423.02	 4	 855.75	 12.72	 0.000	
Error	 4843.04	 72	 67.26	 	 	
Total	 20325690.00	 144	 	 	 	
	

Table	3	shows	the	results	of	services	in	total.	The	
model	was	 significant	 (F	 =	 59.97,	 p	 <	 .001).	 The	
strongest	predictor	was	the	Country	(F	=	376.43),	
then	 OS	 (F	 =	 135.83)	 and	 then	 the	 Device	 (F	 =	
131.57).	This	was	also	important	in	Behaviour	and	
Client	Type.	The	interaction	of	the	form	of	Device	
by	 Country	 was	 meaningful	 (F	 =	 13.48).	 These	
findings	 prove	 that	 various	 influences	 in	 digital	
markets	form	consumer	perceptions.	The	general	
trend	throughout	all	three	tables	is	the	same.	Good	
predictors	 of	 consumer	 response	 are	 device,	
Country,	 OS	 and	 Behaviour.	 Interactions	 are	
usually	 important	 in	 two	 directions,	 particularly	
those	of	the	country.	 Interactions	of	higher	order	
are	 hardly	 ever	 significant.	 This	 implies	 that	 the	
issue	 of	 individual	 factors	 and	 groups	 of	 two	
factors	is	important,	but	three	or	more	factors	do	
not	contribute	significantly	to	the	explanation.	The	
overall	generalisability	of	the	findings	is	supported	
by	these	findings	across	product	type	and	vendors.	
	
	

Impact	of	Pricing	Strategies	on	
Willingness	to	Pay	
The	pricing	strategy	was	a	major	influencer	of	WTP	
(F	 =	 17.01,	 p	 <0.001).	 The	 highest	 average	WTP	
was	 found	 in	 Group	 C,	 which	 was	 assigned	 to	
nudging	pricing.	 The	 second	 group	was	B,	which	
the	 control	 group	 followed.	 The	 non-moving	
pricing	 group	 (Group	 A)	 had	 a	 mean	 WTP	 of	
$48.63.	Mean	WTP	of	Group	B	(Dynamic	pricing)	
was	$52.97.	The	mean	WTP	of	Group	C	(dynamic	
pricing	 and	 nudges)	 was	 58.84.	 These	 findings	
indicate	 that	 products	 become	 valuable	 with	
dynamic	 pricing.	 The	 perceived	 value	 was	 also	
increased	 by	 adding	 nudges	 such	 as	 urgency	
messages.	Group	A	and	Group	C	are	more	than	$10	
per	 item	 apart.	 In	 a	 huge	 retailer	 that	 makes	
millions	 of	 transactions,	 this	 is	 a	 substantial	
revenue	gain.	This,	however,	comes	at	the	expense	
of	 consumer	 perception.	 Group	 C	 had	 a	 higher	
WTP,	 which	 was	 partially	 due	 to	 emotional	
pressure	and	not	due	to	real	value	evaluation.	
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Behavioural	Nudges	and	Purchase	
Intent	
There	were	varying	conversion	rates	through	the	
groups.	Group	C	contained	the	largest	conversion	
rate	at	32%.	Group	B	had	a	rate	of	24%.	Group	A	
had	18%.	These	differences	were	confirmed	by	chi-
square	 to	 be	 significant	 (X2	 =	 28.7,	 p	 <	 0.01).	
Nudges	 on	 behaviour	 led	 to	 a	 reduction	 in	
hesitation	and	improved	quicker	decisions.	This	is	
in	favour	of	the	peripheral	route	of	the	ELM.	It	was	
also	indicated	by	the	survey	data	that	the	nudges	
went	 unnoticed	 by	many	 of	 the	 users.	 However,	
these	users	themselves	stated	that	they	felt	a	sense	
of	 urgency.	 Previous	 studies	 have	 validated	 that	
consumers	who	are	not	so	attentive	 to	a	product	
are	 the	most	 responsive	 to	 nudging	 efforts	 (26).	
The	 difference	 between	 Group	 A	 and	 C	 is	
something	 significant.	 The	 gap	 between	 the	
conversion	rates	of	14	percentage	points	is	huge	in	
e-commerce	terms.	This	observation	indicates	that	
nudges	can	be	used	as	an	effective	method	to	sell.	
Nevertheless,	the	fact	that	consumers	are	unaware	
of	 being	 nudged	 is	 an	 ethical	 issue.	 In	 case	 the	
consumers	 are	 not	 aware	 they	 are	 being	
influenced,	the	issue	of	informed	consent	arises.	
Trust	and	Perceptions	of	Fairness	
Nudges	 and	 dynamic	 pricing	made	 people	 spend	
more;	however,	those	features	led	to	trust	issues.	
Group	C	respondents	(44%)	said	that	they	also	felt	
that	 prices	 were	 somehow	 fixed.	 The	 remaining	
39%	of	 them	were	doubtful	about	 the	process	of	
transparency	in	pricing.	In	Group	A,	only	19%	had	
those	 concerns.	 These	 results	 coincide	 with	 the	
previous	studies	of	trust	erosion	due	to	ambiguous	
prices.	 Regression	 analysis	 revealed	 that	 the	
perception	of	fairness	was	a	very	good	predictor	of	
trust.	This	was	a	significantly	negative	relationship	
(Beta	 =	 -0.32,	 p	 <0.01).	 This	 implies	 that	 low	
perceived	 fairness	 resulted	 in	 low	 trust.	 The	
positive	 short-term	 outcomes	 can	 lead	 to	 long-
term	 loss	 of	 trust	 when	 consumers	 lack	 pricing	
logic.	 The	 rise	 of	 differences	 among	 groups	 is	
conspicuous.	 Group	 C	 was	 even	 more	 sceptical	
than	 Group	 A.	 This	 implies	 that	 dynamic	 pricing	
combined	 with	 nudges	 is	 a	 cumulative	 trust	
burden.	 Individually,	each	of	 the	elements	can	be	
acceptable.	The	combination	of	them	will	drive	the	
consumer	 perception	 beyond	 a	 level	 of	
acceptability.	Such	a	discovery	has	a	direct	bearing	
on	platform	designers	and	marketers.	
	

Discussion	
Findings	Compared	to	Prior	Research	
This	is	research	that	validates	the	fact	that	dynamic	
pricing	 increases	willingness	 to	pay.	The	average	
increase	of	WTP	at	the	dynamic	pricing	of	$48.63	
to	$52.97	is	in	line	with	previous	results.	Kramer,	
Friesen	 and	 Shelton	 revealed	 that	 there	 are	
conditions	 under	 which	 airline	 passengers	 are	
willing	 to	 accept	 dynamic	 prices.	 Nevertheless,	
their	research	was	limited	to	one	industry,	where	
there	were	price	standards.	The	present	research	
generalises	 this	 observation	 to	 various	 types	 of	
products	 and	 prices.	 The	 additional	 growth	 to	
$58.84	 after	 radio-shocking	 confirms	 the	 ELM	
forecast	 that	 peripheral	 signals	 increase	
expenditures.	 This	 observation	 is	 in	 line	 with	
Pajmon	and	Strle,	who	discovered	that	nudges	of	
urgency	 increase	 the	 rates	 of	 conversion.	 It	 is	
worth	mentioning	that	the	effect	size	in	the	present	
study	 is	 larger	 than	 previously	 reported	 in	
previous	studies.	This	is	likely	due	to	the	fact	that	
nudges	used	in	conjunction	with	dynamic	pricing	
generate	a	more	compelling	atmosphere.	The	two	
processes	 reaffirm	 the	 consumer	 spending	
mechanism.	 The	 trust	 findings,	 however,	 paint	 a	
different	 picture.	 Although	 Garbarino	 and	 Lee	
discovered	that	dynamic	pricing	leads	to	less	trust,	
they	 examined	 one	 retail	 situation.	 This	 is	
furthered	in	the	present	research,	which	presents	
that	44%	of	nudge-exposed	users	believed	that	the	
prices	were	manipulated.	This	is	greater	than	the	
19%	in	the	fixed	pricing	group.	This	is	a	bigger	gap	
than	the	one	that	was	reported	by	Paraschiv	and	
Ayadi	 in	 their	 research	 on	 the	 dynamic	 pricing	
ethics.	One	reason	is	that	nudges	that	go	together	
with	 price	 adjustments	 increase	 the	 sense	 of	
manipulation.	 Alternatively,	 present-day	
customers	 may	 have	 become	 more	 conscious	
about	 the	 pricing	 strategies	 than	 ever.	 The	
practices	 of	 dynamic	 pricing	 have	 been	
enlightened	 by	 social	 media	 and	 consumer	
advocacy	 groups.	 This	 heightened	 sensitivity	 can	
have	the	effect	of	making	online	prices	in	general	
more	questionable	to	consumers.	
The	 high	 impact	 of	 the	 types	 of	 devices	 and	 the	
country	is	also	significant.	Data	Vendor	2	revealed	
the	 strongest	 predictor,	 which	 is	 Device	 (F	 =	
2149.64).	This	is	a	contrast	of	Vendor	1,	which	had	
OS	 predominance.	 Such	 inconsistency	 can	 be	 a	
result	 of	 variations	 in	 the	 product	 categories.	
Purchases	on	the	basis	of	service	might	be	based	
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more	on	the	experience	of	the	device,	rather	than	
on	 purchases	 of	 products.	 Van	 der	 Heijden,	
Verhagen	 and	 Creemers	 discovered	 that	 ease	 of	
use	 is	 important	 in	 regard	 to	 online	 trust.	 This	
confirms	 the	 notion	 that	 the	 quality	 of	 devices	
influences	consumer	attitude	towards	products	in	
different	ways.	Vendor	2	(F	=	2132.88)	also	had	a	
very	high-Country	effect.	This	would	be	because	of	
the	 economic	 and	 cultural	 disparities	 in	 price	
sensitivity.	 Customers	 in	 the	 developed	 world	
might	also	be	more	accepting	of	price	adjustments	
than	 developing	 market	 customers.	 The	
correlation	 between	 the	 variables	 of	 Device	 and	
Country	 (F	 =	 1109.70)	 indicates	 that	 these	
variables	are	both	interacting.	They	influence	the	
perception	 of	 prices	 in	 complex	 and	 interrelated	
forms.	
Strategic	and	Ethical	Implications	
The	results	indicate	that	dynamic	pricing	should	be	
applied	 thoughtfully	 by	 businesses.	 Pricing	
processes	must	be	responsive	to	demand	and	not	
impair	 trust	 in	companies.	Over-customisation	of	
customers	 to	 make	 a	 profit	 can	 be	
counterproductive.	 When	 consumers	 feel	
discriminated	against	in	terms	of	pricing,	they	lose	
their	 loyalty.	 The	 close	 connection	 between	 the	
user	experience	and	WTP	indicates	a	very	specific	
investment	 priority.	 The	 online	 shops	must	 have	
an	 emphasis	 on	 ensuring	 that	 the	 sites	 are	 user-
friendly,	 quick	 and	 responsive	 (27).	 The	 data	 on	
market	segmentation	also	indicate	that	consumers	
will	 pay	 a	 premium	 when	 they	 appreciate	 the	
business	 practices.	 Firms	 that	 invest	 in	 proper	
design	 and	 open	 pricing	 are	 capable	 of	 having	
superior	long-term	outcomes.	
According	 to	 survey	 findings,	 consumers	 do	 not	
like	 personalised	 pricing.	 Two-thirds	 of	 the	
respondents	 claimed	 that	 it	 was	 discriminatory.	
This	 raises	 significant	 issues	 of	 privacy	 and	
consent	in	data-driven	marketing	(28).	Companies	
that	employ	price	discrimination	need	to	take	into	
account	their	social	responsibility.	The	willingness	
to	 pay	 statistics	 indicate	 that	 the	 consumer	 is	
willing	 to	 be	 subject	 to	 a	 certain	 degree	 of	 price	
dispersion.	 They,	 however,	 respond	 negatively	
when	the	price	appears	to	be	pegged	on	personal	
details.	 In	 front	 of	 fair	 and	 acceptable	 dynamic	
pricing,	 there	 is	 a	 thin	 line	 between	 dishonest	
discrimination.	Companies	should	develop	proper	
communication	 regarding	 the	 reason	 behind	 the	
difference	in	price.	The	trust	gap	in	this	study	can	

be	 minimised	 through	 transparency	 in	 pricing	
logic.	
Consumer	digital	 literacy	 should	 also	be	brought	
up.	Nudges	 less	 influenced	more	digitally	 literate	
consumers	in	this	study.	They	would	tend	to	shop	
on	more	platforms	before	buying.	The	implication	
of	this	finding	on	education	and	policy	is	apparent.	
Digital	 literacy	 would	 assist	 consumers	 to	 make	
informative	 decisions	 on	 online	 markets.	
Meanwhile,	 it	may	encourage	retailers	to	adopt	a	
more	honest	pricing	strategy.	
Market	Monopolisation	Concerns	
Big	 companies	 have	 an	 advantage	 in	 data-driven	
pricing.	 Advanced	 pricing	 tools	 are	 employed	 by	
such	companies	as	Booking.com,	Uber	and	Airbnb	
(29).	This	poses	a	threat	of	market	monopoly.	The	
smaller	 companies	 and	 physical	 retailers	 are	
unable	to	implement	the	same	tools	because	they	
lack	 the	 necessary	 technical	 resources	 (30).	 This	
forms	an	unbalanced	market	that	is	favourable	to	
the	 technology-intensive	 companies.	 The	
implications	 of	 the	 policy	 are	 important.	 The	
regulators	might	have	to	take	into	account	whether	
AI-based	pricing	will	provide	undue	benefits	to	the	
market.	 Antitrust	 regulations	 can	 be	 adjusted	 to	
deal	 with	 data-driven	 price	 control.	 Left	 alone,	
there	will	be	an	increment	in	the	distance	between	
the	large	retailers	and	the	small	retailers.	
Limitations	
This	paper	has	a	number	of	limitations	that	need	to	
be	taken	into	account.	First,	the	data	was	gathered	
within	 a	 period	 of	 six	 months.	 This	 might	 not	
reflect	 long-term	 trends	 or	 long-term	 seasonal	
effects	 of	 more	 than	 a	 single	 cycle.	 Second,	 the	
10,000	 participants	 used	 as	 the	 sample	 were	
predominantly	 in	 the	 North	 American	 and	
European	markets.	This	restricts	the	relevance	of	
the	 findings	 to	 Asian,	 African,	 or	 Latin	 American	
markets.	Third,	the	research	paper	was	limited	to	
business-to-consumer	 transactions.	 The	 pricing	
dynamics	 and	 decision-making	 processes	 are	
different	in	business-to-business	markets.	Fourth,	
the	Pricing	Blocker	tool	restricts	replicability	(31).	
Such	proprietary	software	may	not	be	available	to	
other	 researchers.	 Fifth,	 survey	 data	 that	 is	 self-
reports	 can	 be	 subject	 to	 bias	 in	 response.	 The	
respondents	may	not	reflect	well	on	their	attitudes	
of	 fairness	 and	 trust.	 Sixth,	 the	 between-subjects	
design	makes	it	impossible	to	trace	the	changes	at	
the	individual	level	across	time.	A	longitudinal	or	a	
within-subjects	design	may	offer	more	data	 (32).	
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Lastly,	 the	 analysis	 was	 dedicated	 to	 five	 e-
commerce	 sites.	 The	 outcomes	 can	 vary	 on	
platforms	that	are	niche	or	region-specific.	
	

Conclusion	
Overview	
This	 paper	 has	 analysed	 the	 impact	 of	 dynamic	
prices	 and	 behavioural	 nudges	 on	 consumer	
willingness	to	pay	in	the	online	market.	It	adopted	
a	 quasi-experimental	 research	 design	 involving	
10,000	 respondents	 in	 three	 groups.	 The	
theoretical	framework	had	made	use	of	ELM,	TAM	
and	Price	Anchoring	Theory.	The	Pricing	Blocker	
tool	and	post-session	surveys	were	used	to	collect	
data	over	a	period	of	six	months.	This	experiment	
was	done	to	test	three	hypotheses,	namely,	WTP,	
conversion	 rates	 and	 trust.	 The	 information	
proved	all	 three	hypotheses.	As	 it	 is	 found,	 there	
are	 benefits	 of	 pricing	 strategies	 based	 on	
commercial	and	ethical	costs.	
Key	Contributions	
There	 are	 three	 significant	 contributions	 of	 the	
study.	 First,	 it	 gives	 empirical	 data	 that	 the	
combination	 of	 dynamic	 pricing	 and	 nudges	
increases	WTP	 significantly.	When	 the	 price	was	
cut	 by	 10%,	 the	 purchase	 probability	was	 up	 by	
15%.	This	proves	 that	pricing	 is	 one	of	 the	most	
powerful	 items	 to	 influence	 consumer	 purchase.	
Second,	 it	 shows	 the	 strength	 of	 behavioural	
nudges	to	 increase	the	conversion	rates.	Group	C	
had	a	32%	conversion	rate	compared	to	Group	A,	
which	was	 almost	 twice	 that.	 This	 demonstrates	
that	 emotional	 persuasion	 can	 be	 better	 than	
logical	 price	 persuasion	 to	 certain	 consumers.	
Third,	 it	 measures	 the	 cost	 of	 trust	 in	 these	
strategies.	The	observed	result	that	44%	of	users	
who	were	subjected	to	nudges	felt	manipulated	is	
a	crucial	revelation	to	the	practitioners.	This	 lack	
of	 trust	 would	 lower	 repeat	 purchases	 and	
customer	value	in	the	long	term.	
Implications	for	Policy	and	Practice	
E-commerce	 companies	 have	 to	 strike	 a	 balance	
between	 ethical	 accountability	 and	 revenue	
objectives.	The	transparent	pricing	and	easy-to-	
use	 interfaces	 contribute	 to	 keeping	 the	
consumer's	 trust.	The	research	 indicates	 that	 the	
majority	 of	 consumers	 (68%)	 are	 not	 okay	 with	
price	discrimination.	The	regulations	that	need	to	
be	 pursued	 by	 the	 policymakers	 are	 those	 that	
demand	 transparency	 in	 digital	 market	 prices.	
Ethical	 nudging	 standards	 in	 the	 industry	would	

also	 have	 a	 positive	 impact	 on	 the	 consumers.	
Companies	are	expected	to	reveal	the	instances	of	
personalised	prices.	They	ought	also	to	enable	the	
consumers	 to	 exclude	 data-driven	 pricing.	
Regulators	might	ensure	 that	platforms	reveal	 to	
consumers	why	they	are	charging	them	a	specific	
price.	 This	would	 not	 harm	 consumer	 autonomy	
but	would	still	permit	innovation.	
Future	Research	Directions	
There	 are	 a	 number	 of	 questions	 to	 ask	 in	 the	
future.	 Longitudinal	 research	 must	 be	 used	 to	
monitor	 the	 impact	 of	 dynamic	 pricing	 on	 brand	
loyalty	 over	 several	 years.	 These	 studies	 would	
indicate	whether	the	erosion	of	trust	due	to	pricing	
strategies	 increases	 over	 a	 period	 of	 time.	
Generalisability	 would	 be	 enhanced	 with	 cross-
cultural	 studies	 in	 Asian,	 African	 and	 Latin	
American	 markets.	 The	 attitude	 of	 consumers	
towards	 dynamic	 pricing	 might	 change	 with	
culture	and	economic	situations.	Research	on	the	
B2B	 e-commerce	 pricing	 would	 close	 a	 very	 big	
gap.	 Nudges	 and	 dynamic	 prices	 might	 be	 less	
effective	 with	 business	 buyers	 compared	 to	 the	
individual	consumer.	There	is	also	a	need	to	carry	
out	 research	 on	 the	 moderating	 effect	 of	 digital	
literacy	 on	 reaction	 to	 pricing	 strategies.	
Knowledge	about	this	association	would	influence	
the	education	policy	and	marketing	ethics.	Lastly,	
the	use	of	AI	in	pricing	and	its	impact	on	consumer	
autonomy	should	be	given	a	particular	discussion.	
The	role	of	AI-driven	pricing	in	market	fairness	is	
going	 to	 be	 even	more	 significant	with	 the	more	
sophisticated	AI-driven	pricing.	
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