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ABSTRACT	OF	THE	DISSERTATION	
	
By	
	

Anwida	Prompijit	
	

Doctor	of	Philosophy	in	Management	
	

University	of	California,	Irvine,	2021	
	

Professor	Vijay	Gurbaxani,	Chair	
	
	

Understanding	 the	 impact	 of	 display	 advertisements	 on	 consumer	 online	 search	

behavior	 is	 an	 important	 research	 area.	 The	 effectiveness	 of	 display	 advertising	 was	

initially	 evaluated	by	using	 simple	proxies,	 such	 as	 the	 clickthrough	 rate	 and	 conversion	

probability.	However,	the	clickthrough	rate	has	shown	decreasing	performance	over	time,	

and	prior	literature	has	shown	that	the	impact	of	display	ads	on	conversion	probability	has	

mixed	 findings.	This	creates	concerns	about	whether	online	display	advertising	 is	 indeed	

effective.	 Moving	 beyond	 using	 clickthrough	 rate	 and	 conversion	 probability,	 this	

dissertation	adds	to	the	literature	of	display	advertising	by	evaluating	ad	effectiveness	by	

using	new	consumer	behavior	variables	that	offer	an	insight	 into	consumer	online	search	

behavior.	We	argue	that	online	display	ads	shape	consumers’	purchase	decisions	indirectly	

by	impacting	how	consumers	conduct	product	searches.	Additionally,	prior	literature	does	

not	distinguish	between	different	online	display	advertising	strategies.	In	this	dissertation,	

we	 examine	 how	 different	 strategies	 may	 impact	 consumer	 online	 search	 behavior	 in	

different	 ways.	 We	 leverage	 consumers’	 clickstream	 data	 from	 a	 major	 U.S.	 automotive	

website	that	allows	consumers	to	search	for	information	about	vehicles	and	submit	leads	to	
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the	dealers.	We	find	that	different	online	display	advertising	strategies	are	associated	with	

distinct	effects	on	consumer	online	search	behavior.	While	browsing	a	product,	exposure	to	

the	 advertisements	 for	 the	 same	product	 can	 encourage	more	 intensive	product	 viewing	

intensity	 and	 a	 higher	 probability	 for	 the	 product	 revisit.	 On	 the	 other	 hand,	 consumers	

who	are	newly	attracted	to	the	product	through	having	been	exposed	to	its	advertisement	

while	 browsing	 competing	 products	 are	 associated	 with	 less	 product	 search	 intensity,	

compared	 to	 consumers	 who	 browse	 the	 product	 without	 having	 been	 exposed	 to	 its	

advertisements.	Finally,	 for	the	directions	for	 future	research,	we	study	the	online	search	

behavior	 of	 consumers	 who	 use	 multiple	 devices	 (i.e.,	 desktop	 and	 mobile	 platforms)	

during	 their	 online	 path	 to	 purchase	 to	 gain	 insights	 into	 the	 effect	 of	 online	 display	

advertisements	 on	 these	 consumers.	 Our	 preliminary	 analysis	 shows	 that	 for	 these	

consumers,	having	a	desktop	platform	browsing	session	anywhere	in	the	consumer	online	

search	journey	is	associated	with	a	higher	probability	of	conversion.	Moreover,	exposure	to	

the	 product’s	 ads	 on	 a	 mobile	 platform	 is	 associated	 with	 a	 higher	 probability	 that	 the	

consumer	will	browse	for	the	advertised	product	on	a	desktop	platform	subsequently. 
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CHAPTER	1.	Introduction	

The	 essays	 in	 this	 dissertation	 focus	 on	 research	 questions	 relating	 to	 consumer	

online	 product	 search	 behavior.	 Before	 making	 purchase	 decisions,	 consumers	 are	

increasingly	choosing	online	channels	as	a	domain	for	searching	for	product	information	at	

a	 continually	 increasing	 rate.	As	 a	 result,	worldwide	 e-Commerce	 revenue	 is	 expected	 to	

nearly	double	from	US$1,179,203	million	in	2016	to	US$2,723,991	million	in	2021	(Statista	

2020).	 Accordingly,	 to	 boost	 sales,	 marketers	 use	 digital	 marketing	 tools	 (e.g.,	 online	

advertising)	 to	 impact	 consumer	 decision-making	 (e.g.,	 conversion).	 For	 example,	

marketers	may	purchase	advertising	 impressions	on	webpages	where	 their	products	 are	

featured	(i.e.,	retention	advertising	strategy).	On	the	other	hand,	marketers	may	also	try	to	

steal	consumers’	attention	away	from	a	competitor	by	purchasing	advertising	impressions	

on	 webpages	 where	 their	 competitors’	 products	 are	 featured	 (i.e.,	 conquest	 advertising	

strategy).	 For	marketers	 to	 decide	which	 advertising	 strategy	 to	 use,	 they	must	 address	

two	 questions:	 how	 to	 measure	 if	 their	 advertisements	 effectively	 capture	 consumers’	

attention	and	whether	the	attention	is	likely	to	convert	into	purchase	behavior.	

Addressing	 these	 questions	 will	 also	 help	 marketers	 allocate	 their	 advertising	

budgets	more	efficiently.	Existing	literature	provides	useful	insights	into	ways	to	improve	

the	 effectiveness	 of	 online	 advertising	 but	 is	 of	 limited	 usefulness	 in	 making	 strategic	

decisions	for	budget	allocation	across	multiple	advertising	strategies.	Consequently,	when	

making	managerial	decisions	relating	to	advertising	budget	allocations,	managers	 tend	to	

rely	on	trial-and-error,	and	relatively	simple	metrics,	such	as	the	probability	of	conversion	
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based	on	last-click	(Jordan	et	al.	2010).	The	insight	into	the	impact	of	advertising	strategies	

on	consumer	online	product	search	behavior	has	yet	to	be	understood	thoroughly.	

In	 recent	 years,	 especially	 with	 the	 widespread	 adoption	 of	 smartphones	 and	

tablets,	 consumers	 are	using	multiple	 devices	 to	 search	online.	Recent	 research	 suggests	

(e.g,	Xu	et	al.	2017,	Ghose	et	al.	2013)	that	consumer	behavior	varies	between	devices,	and	

there	are	anecdotal	indications	that	more	serious	consumers	tend	to	make	more	significant	

purchasing	 decisions	 on	 larger	 screens	 for	 obvious	 reasons.	 An	 interesting	 dimension	 to	

the	use	of	these	devices	is	the	question	of	how	consumers	conduct	online	product	searches	

on	multiple	devices	 is	 yet	 to	be	 studied	 (e.g.,	 Criteo	2017,	Google	2012).	My	dissertation	

aims	 to	address	 these	questions	 in	 the	 following	chapters.	The	outline	of	 this	 thesis	 is	as	

follows.	

The	 first	essay	 in	Chapter	2	 focuses	on	examining	and	contrasting	 the	behavior	of	

the	consumers	who	are	in	different	stages	in	the	search	process,	distinguished	by	whether	

they	are	searching	 in	a	 focused	or	a	broad	way.	Consumers	who	are	 in	 the	 focused	stage	

express	deep	attention	to	the	considered	products	(e.g.,	consumers	who	searched	for	and	

browsed	no	more	than	two	products),	while	consumers	who	are	in	the	broad	stage	express	

broad	 attention	 to	 the	 products	 (e.g.,	 consumers	 who	 browsed	 for	 more	 than	 two	

products).	

In	 chapter	 3	 and	 chapter	 4,	 I	 offer	 a	 conceptual	 classification	 of	 different	 online	

advertising	strategies	as	retention	versus	conquest	types.	I	show	that	this	differentiation	is	

related	 to	 their	 relative	 impact	 on	 consumer	 product	 search	 behaviors.	 Retention	
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advertising	means	that	the	advertised	product	matches	the	product	shown	on	the	webpage	

(e.g.,	 a	Toyota	 ad	 that	 is	 shown	on	 a	Toyota	webpage).	 In	 contrast,	 conquest	 advertising	

means	 that	 the	 ads	 feature	 products	 that	 are	 different	 from	 the	 product	 shown	 on	 the	

webpage	(e.g.,	a	Toyota	ad	that	is	shown	on	a	Honda	webpage).	In	chapter	3,	I	explore	the	

impact	of	a	retention	advertising	strategy	on	consumer	product	search	behavior.	In	chapter	

4,	I	examine	consumer	online	search	behavior	after	exposure	to	conquest	advertisements.	

In	 chapter	 5,	 in	 contrast	 with	 the	 earlier	 essays	 where	 our	 study	 was	 restricted	 to	

consumers	who	use	a	desktop	platform,	we	extend	our	empirical	study	to	consumers	who	

searched	 and	 browsed	 for	 products	 by	 using	 both	 desktop	 and	 mobile	 platforms.	 My	

research	aims	to	add	further	insights	to	the	emerging	literature	on	digital	attribution	(e.g.,	

Li	 and	Kannan	2014,	Xu	et	 al.	 2014,	Abhishek	et	 al.	 2012),	which	 is	 the	 science	with	 the	

objective	of	allocating	the	incremental	impact	on	the	outcome	of	interest	(e.g.,	conversion)	

to	each	of	the	marketing	touchpoints	(e.g.,	an	online	display	advertisement),	and	to	gain	an	

extensive	 understanding	 of	 how	 advertising	 strategies	 shape	 consumer	 online	 product	

search	behavior.	The	outline	of	my	dissertation	is	depicted	in	Figure	1.	
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Figure	1:	Dissertation	outline 
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CHAPTER	 2.	 The	 Search	 Journey:	 Exploring	

Focused	versus	Broad	Consumers	

	

Abstract	

In	 this	 chapter,	 to	 provide	 a	 qualitative	 understanding	 of	 differences	 in	 search	

behaviors	between	different	customer	segments	before	we	engage	in	more	formal	analysis,	

I	investigated	the	search	patterns	of	consumers	who	expressed	focused	vs.	broad	attention	

to	 the	 considered	 products.	 In	 a	 research	 collaboration	 with	 a	 U.S.	 major	 automotive	

website,	I	utilized	an	individual-level	data	set,	which	contains	records	of	consumers’	online	

activities	 on	 the	 website.	 The	 explanatory	 variables	 contained	 in	 the	 data	 set	 are,	 for	

example,	 the	 number	 of	 vehicles	 viewed	 by	 each	 consumer,	 the	 number	 of	 webpages	

viewed	by	each	consumer,	and	the	types	of	pages	viewed	by	each	consumer.	I	conducted	an	

empirical	 investigation	of	 consumers	whose	attentions	are	 in	a	 focused	stage	vs.	 a	broad	

stage	by	visualizing	these	explanatory	variables.	 	
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2.1	Introduction	

The	focus	of	this	chapter	is	to	study	the	search	patterns	of	consumers	who	express	

deep	vs.	broad	attention	to	the	considered	products.	As	I	review	the	individual-level	data	

set	 provided	 by	 the	 U.S.	 automotive	 website,	 I	 found	 that	 one	 useful	 grouping	 to	 gain	

insights	into	consumers’	online	search	behaviors	is	by	segmenting	customers	who	searched	

broadly	 vs.	 customers	 who	 searched	 deeply	 (i.e.,	 in	 a	 focused	 way).	 After	 I	 provide	 a	

qualitative	 understanding	 of	 differences	 in	 search	 behaviors	 between	 different	 customer	

segments	(i.e.,	consumers	who	are	in	focused	vs.	in	broad	stages	of	search)	in	this	chapter,	

later	in	my	dissertation,	I	will	investigate	deeper	into	individual-level	online	product	search	

behavior	 by	 analyzing	 consumers’	 clickstream	 data	 set,	 which	 I	 also	 received	 from	 this	

automotive	website.	 Clickstream	data	 captures	 the	 consumers’	 online	webpage	browsing	

activities,	 and	 this	 type	 of	 consumer	 data	 has	 allowed	 literature	 to	 observe	 micro-level	

online	 behaviors	 of	 consumers	 on	 the	websites,	 and	 also	 have	 been	 previously	 used	 for	

studying	consumer	digital	path	 to	purchase	(e.g.,	Chatterjee	et	al.	2003,	Rutz	and	Bucklin	

2012).	

2.2	Literature	review	

Theory	of	search	journey	and	customer	search	behavior	

From	 a	 theoretical	 point	 of	 view,	 customers’	 decisions	 to	 search	 for	 additional	

information	are	modeled	as	a	function	of	the	expected	utility	of	the	additional	information	

(Diamond	 1987).	 Bronnenberg	 et	 al.	 (2016)	 study	 consumer-centric	 panel	 data	 that	
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contains	records	of	browsing	activities	across	and	within	web	domains	of	all	consumers	in	

the	panel	while	they	shop	for	cameras	online.	The	study	measures	the	extent	of	search	in	

terms	of	 six	variables:	domains,	brands,	models,	product,	 search	 (defined	as	 the	domain-

item	webpages	visited),	and	elapsed	time	(defined	as	the	duration,	which	is	the	number	of	

days,	 between	 the	 first	 search	 and	 purchase).	 They	 found	 that	 search	 across	 domains	 is	

common,	 and	 spans	 about	 3.5	 domains	 (i.e.,	 websites	 such	 as	 Amazon.com).	 41%	 of	

panelists	are	loyal	to	one	domain.	Searches	across	brands	and	models	are	also	common:	A	

household	 conducts	 an	 average	 of	 14	 online	 searches,	 where	 searches	 are	 across	 an	

average	of	2.8	brands	and	6.4	models	before	purchase.	Elapsed	time	averages	just	over	15	

days	and	spans	an	average	of	5.9	sessions	(where	each	session	is	a	30-min	interval	spent	

on	search).	

In	contrast,	when	considering	attribute	space,	searches	are	within	a	small	region	of	

the	 attribute	 space.	 The	 camera	 chosen	 is	 almost	 always	 within	 the	 sub-space	 of	 the	

searched	 but	 not	 chosen	 cameras,	 and	 this	 is	 true	 for	 both	 early	 search	 and	 late	 search.	

One-third	of	all	searches	are	revisits	and	this	behavior	is	strongest	for	alternatives	that	are	

finally	 chosen.	 They	 also	 found	 strong	 state	 dependence	 in	 the	 consumer’s	 path	 on	 the	

attribute	 space;	 the	 difference	 between	 the	 attributes	 searched	 and	 chosen	 becomes	

smaller	and	smaller	as	a	consumer	moves	 further	along	 the	search	path.	Consumers	also	

use	more	generic	keywords	during	earlier	searches	and	use	more	specific	keywords	late	in	

the	search.	

Johnson	et	al.	(2004)	examine	the	depth	of	search,	which	is	the	decision	on	whether	

to	visit	more	than	one	store;	and	the	dynamic	of	search,	which	is	the	change	in	the	number	

of	stores	visited	over	time.	The	data	used	was	collected	by	Media	Metrix,	Inc.,	which	is	part	
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of	ComScore.	 The	data	 contains	 the	 records	 of	 all	URLs	 visited	by	 the	panelist	 of	 10,000	

households,	focusing	on	three	product	categories:	Books,	CDs,	and	airline	services.	The	data	

period	 is	 one	 year	 (July	 1997	 to	 June	 1998).	 The	 authors	 observed	 a	 surprisingly	 low	

Internet	information	search	from	the	data,	thus,	they	questioned	whether	the	lower	search	

costs	of	the	Internet	bring	more	search	and	whether	there	are	factors	other	than	physical	

costs	that	are	driving	search	behavior.	For	each	of	the	three	product	category:	CDs,	Books,	

Travel,	the	authors	observed	a	small	number	of	searches	(i.e.,	a	small	number	of	websites	

searched),	but	with	an	increase	in	searches	over	time	from	the	plot	of	the	average	number	

of	sites	searched	by	each	household	vs.	j-th	shopping	month.	One	explanation	is	that	people	

are	 learning	 to	 search,	 and	 as	 they	 learn	more,	 the	 propensity	 to	 search	 increases.	 The	

authors	 capture	 this	 effect	with	 a	 covariate	 j	 (j-th	month),	 however,	 the	 estimate	 of	 the	

covariate	 of	 the	 j-th	 month	 is	 not	 significant,	 so	 this	 explanation	 is	 disproved.	 An	

alternative	explanation	is	that	the	increase	in	search	is	due	to	a	group	of	relatively	active	

consumers	 (i.e.,	 households	 that	 visit	websites	 of	 a	 given	 category	more	 frequently	 than	

other	 households).	 The	 authors	 capture	 this	 effect	 with	 a	 covariate	 that	 represents	 a	

measure	of	category-level	search	activity.	This	covariate	is	measured	by	two	methods:	by	

using	(number	of	months	active)/(number	of	months	in	the	panel)),	and	by	using	Bayesian	

shrinkage	estimate.	The	results	support	the	explanation	that	the	increase	in	search	is	due	

to	a	group	of	active	consumers;	the	estimate	of	the	coefficient	is	positive	and	significant.	
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Customer	search	strategy:	fixed	sample	size	search	vs.	sequential	search	

Stigler	 (1961)’s	 original	 model	 of	 search	 assumes	 a	 fixed	 sample	 size	 behavior	

where	 consumers	 search	 through	 a	 fixed	 number	 of	 stores	 to	 find	 the	 option	 with	 the	

lowest	price.	Examples	of	articles	that	assume	fixed	sample	size	search	models	are	Burdett	

and	 Judd	 (1983)	and	 Janssen	and	Moraga-Gonzalez	 (2004).	 In	contrast,	 another	group	of	

literature	states	that	consumers	would	not	be	able	to	commit	to	a	fixed	sample	size	search	

strategy	 if	 the	 expected	 marginal	 benefit	 of	 an	 extra	 search	 exceeds	 the	 marginal	 cost	

(McCall	 1970;	 Mortensen	 1970;	 Axell	 1977).	 Honka	 and	 Chintagunta	 (2013)	 propose	 a	

method	 to	 identify	 consumer	 search	 strategy	 in	 the	 absence	 of	 search	 sequence	

information:	Whether	the	search	strategy	is	simultaneous	or	sequential.	The	key	concept	of	

the	proposed	identification	method	is	 to	examine	the	consideration	sets,	purchases,	price	

distributions,	 and	 prices	 for	 alternatives.	 They	 show	 that	 the	 search	 method	 can	 be	

identified	 by	 the	 price	 pattern	 in	 the	 consumers’	 consideration	 sets:	 For	 simultaneous	

search,	consideration	sets	contain	a	constant	proportion	of	products	with	prices	above	and	

below	 the	 average	 prices.	 For	 sequential	 search,	 consumers	 stop	 searching	 when	 they	

found	 a	 product	 at	 a	 sufficiently	 low	 price	 compared	 to	 products	 they	 have	 searched	

earlier.	

Search	Costs	

To	collect	 information	before	making	a	purchase	decision,	consumers	always	have	

to	conduct	costly	searches	in	markets	with	multiple	sellers	and	frequently	changing	prices	

(Stigler	 1961).	Many	 existing	works	 of	 literature	 about	 product	 searches	 are	 focused	 on	

explaining	observed	price	variation	with	search	costs	(e.g.,	Diamond	1971).	Brynjolfsson	et	
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al.	 (2003)	 study	 consumer	 heterogeneity	 in	 two	 dimensions:	 (1)	 Taste	 for	 product;	 (2)	

Search	 costs.	 Economic	 intuition	 and	 theory	 suggest	 that	 lower	 search	 costs	 lead	 to	

consumers'	 increased	 searches	and	 lower	prices.	 For	 taste	heterogeneity	without	 search,	

the	 theory	 suggests	 that	 equilibrium	 prices	 increase	 as	 consumers'	 value	 for	 diversity	

increases.	 The	 study	 proposes	 four	 hypotheses	 relating	 to	 types	 of	 customers	 and	 their	

behavior:	 (1)	 Low	 search	 cost	 +	 Low	 taste	 for	 variety	 ->	 high	 price	 sensitivity;	 (2)	 Low	

search	cost	+	High	taste	for	variety	->	low	price	sensitivity	=>	Low	screen	consumers;	(3)	

High	search	cost	+	Low	taste	for	variety	->	high	price	sensitivity	=>	First	screen	consumers;	

(4)	High	search	cost	+	High	taste	 for	variety	->	 low	price	sensitivity.	The	study	finds	that	

consumers	 who	 search	 more	 intensively	 are	 less	 price-sensitive	 than	 other	 consumers.	

This	 reveals	 the	 increased	 weight	 on	 consumer	 preference	 for	 retailer	 differentiation,	

which	is	a	non-price	attribute,	for	example	in	delivery	time	and	reliability.	

The	degree	of	consumer	differentiation	in	search	processes	is	studied	by	Sorensen	

(2001).	The	paper	estimates	a	model	 in	which	customers	search	 local	pharmacies	 for	the	

best	price	of	a	specific	drug.	The	degree	of	differentiation	is	caused	by	the	customer’s	taste	

and	 the	 pharmacies’	 characteristics,	 such	 as	 location.	 In	 their	 model,	 before	 the	 search,	

customers	 know	 non-price	 characteristics	 of	 the	 available	 products	 and	 the	 price	

distribution	 on	 the	 market.	 However,	 the	 customers	 are	 uncertain	 about	 drug	 prices	 at	

every	location.	This	motivates	the	customers	to	conduct	a	costly	search.	In	the	model,	the	

search	decision	 is	binary:	either	examining	only	 the	closet	 location	or	all	 locations.	Hong	

and	Shum	(2003)	estimate	a	search	model	for	each	product	by	using	online	price	data	for	

consumer	electronics	products	and	books.	They	propose	a	method	to	estimate	search	cost	

distribution	in	parametric	form	by	using	price	data	without	purchases	and	market	shares	
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information.	 The	 reservation	 price	 for	 each	 group	 of	 customers	 is	 represented	 by	 the	

observed	price.	The	parameters	of	 search	cost	distribution	are	estimated	by	determining	

the	 maximum	 likelihood	 of	 observing	 these	 prices.	 In	 their	 model,	 search	 costs	 alone	

explain	 the	variation	of	prices	 in	equilibrium.	However,	 their	model	does	not	account	 for	

the	seller’s	heterogeneity	(both	in	terms	of	product	heterogeneity	and	market	shares).	

The	 nature	 and	 dimensions	 of	 competition	 between	 Internet	 retailers	 and	

traditional	 brick-and-mortar	 retailers	 are	 studied	 by	 Brynjolfsson	 et	 al.	 (2009).	 More	

specifically,	 they	 study	 cross-channel	 competition,	 how	 and	where	 can	 Internet	 retailers	

win,	and	how	the	number	of	local	stores	affects	the	individual-level	demand.	Their	study	is	

based	 on	 the	 theory	 that	 geographic	 variables	 have	 an	 impact	 on	 consumer	 online	

behavior:	Consumer	demand	through	the	Internet	channel	is	higher	in	local	markets	where	

local	 prices	 and	 sales	 tax	 rates	 are	 high,	 and	 Internet	 markets	 can	 improve	 consumer	

welfare	and	firms'	profits	through	wider	product	selection.	The	study	reveals	that	Internet	

retailers	 face	 significant	 competition	 with	 traditional	 retailers	 when	 selling	 mainstream	

products,	but	significantly	less	competition	when	selling	niche	products.	Brynjolfsson	and	

Smith	 (2000)	 also	 found	 that	 prices	 on	 the	 Internet	 are	 9-16%	 lower	 than	 prices	 in	

conventional	stores;	dispersion	is	lower	in	Internet	channels	than	in	conventional	channels	

and	 argued	 that	 the	 sources	 of	 heterogeneity	 among	 Internet	 retailers	 are	 branding,	

awareness,	and	trust.	
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2.3	Data	Description	

Since	the	aim	of	this	chapter	is	to	provide	a	qualitative	understanding	of	differences	

in	search	behaviors	between	different	consumer	segments	(i.e.,	focused	vs.	broad	consumer	

segments)	before	we	engage	 in	more	 formal	analysis,	 in	 this	 section	 I	present	a	 series	of	

descriptive	statistics	of	the	individual-level	data	set	received	from	the	automotive	website.	

The	data	set	consists	of	the	individual-level	search	history	of	a	sample	of	consumers	

who	 conducted	 product	 searches	 on	 the	 automotive	 website	 during	 the	 year	 2015.	 The	

sample	 consists	 of	 107,793	 mobile	 platform	 consumers	 and	 494,429	 desktop/laptop	

platform	consumers.	To	compare	different	customer	segments,	I	segmented	the	consumers	

in	the	data	set	by	the	number	of	vehicle	makes	viewed	on	the	website	by	the	consumer	in	

2015.	 The	 segments	 are	 make1,	 make2,	 make3to5,	 make6to10,	 and	 make11to16.	 The	

make1	 segment	 contains	 consumers	 who	 viewed	 only	 one	 vehicle	 make.	 The	 make2	

segment	contains	consumers	who	viewed	only	two	vehicle	makes.	The	make3to5	segment	

contains	 consumers	who	 viewed	 between	 three	 and	 five	 vehicle	makes.	 The	make6to10	

segment	 contains	 consumers	 who	 viewed	 between	 six	 and	 ten	 vehicle	 makes.	 The	

make11to16	segment	contains	consumers	who	viewed	between	eleven	and	sixteen	vehicle	

makes.	The	descriptive	statistics	of	the	data	set	are	shown	in	the	following	tables.	For	each	

consumer	segment,	I	analyzed	the	following	numerical	variables:		

• Model	count	

• Consideration	count	

• Configuration	count	

• Pageviews	
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• Session	count	

Model	 count	 is	 defined	 as	 the	 number	 of	 distinct	 vehicle	 models	 viewed	 by	 a	

consumer.	Consideration	count	is	defined	as	the	number	of	consideration	webpages	viewed	

by	 a	 consumer.	 Consideration	 webpages	 are	 the	 webpages	 that	 indicate	 that	 a	 specific	

vehicle	 has	 been	 considered	 by	 a	 consumer	 (e.g.,	 the	 webpages	 that	 display	 vehicle	

information,	pictures,	reviews,	ratings,	specs,	pricing).	Configuration	count	is	defined	as	the	

number	of	configuration	webpages	viewed	by	a	consumer.	Configuration	webpages	are	the	

webpages	involving	information	about	pricing,	market	value	of	the	vehicle,	and	inventory.	

Page	view	count	 is	 the	number	of	webpages	viewed	by	a	 consumer.	 Session	 count	 is	 the	

number	of	website	 sessions	viewed	by	a	 consumer.	 In	Table	1	 to	Table	11,	 I	present	 the	

descriptive	statistics	of	the	data	set.	

	
Table	1:	Average	Value	for	Each	Consumer	Segment	

Segment	
Model	

count	

Configuration	

count	

Consideration	

count	

Page	view	

count	

Session	

count	

make1	 1.1830	 11.7241	 20.4772	 31.4141	 2.2207	

make2	 2.4412	 16.2831	 32.1825	 58.0039	 3.9527	

make3to5	 4.8569	 22.0910	 51.2867	 106.3161	 6.7867	

make6to10	 10.7848	 31.5496	 91.1314	 216.4710	 12.0886	

make11to16	20.4435	 39.2706	 136.4329	 361.8230	 18.3642	

	

Table	1	shows	the	variable	average	per	consumer	in	each	segment.	According	to	the	

table,	 for	 the	 make1	 segment,	 which	 contains	 consumers	 who	 viewed	 only	 one	 vehicle	
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make,	the	consumers	in	this	segment	viewed	1.18	models	on	average,	browsed	the	website	

for	 2.2	 web	 sessions	 on	 average,	 viewed	 31.41	 webpages	 on	 average,	 viewed	 11.72	

webpages	 that	 are	 related	 to	 vehicle	 configurations	 on	 average,	 and	 viewed	 20.48	

webpages	 that	 are	 related	 to	 vehicle	 considerations	on	average.	 For	 the	make2	 segment,	

which	 contains	 consumers	 who	 viewed	 only	 two	 vehicle	 makes,	 the	 consumers	 in	 this	

segment	 viewed	 2.44	 vehicle	 models	 on	 average,	 browsed	 the	 website	 for	 3.95	 web	

sessions	 on	 average,	 viewed	 58	 webpages	 on	 average,	 viewed	 16.28	 webpages	 that	 are	

related	to	vehicle	configurations	on	average,	and	viewed	32.18	webpages	that	are	related	

to	 vehicle	 considerations	 on	 average.	 For	 the	 make3to5	 segment,	 which	 contains	

consumers	 who	 viewed	 between	 three	 and	 five	 vehicle	 makes,	 the	 consumers	 in	 this	

segment	 viewed	 4.86	 vehicle	 models	 on	 average,	 browsed	 the	 website	 for	 6.79	 web	

sessions	 on	 average,	 viewed	 106	 webpages	 on	 average,	 viewed	 22	 webpages	 that	 are	

related	to	vehicle	configurations	on	average,	and	viewed	51.29	webpages	that	are	related	

to	 vehicle	 considerations	 on	 average.	 For	 the	 make6to10	 segment,	 which	 contains	

consumers	who	viewed	between	six	and	 ten	vehicle	makes,	 the	consumers	viewed	10.78	

vehicle	models	on	average,	browsed	the	website	for	12.08	web	sessions	on	average,	viewed	

216	 webpages	 on	 average,	 viewed	 31.55	 webpages	 that	 are	 related	 to	 vehicle	

configurations	 on	 average,	 and	 viewed	 91.13	 webpages	 that	 are	 related	 to	 vehicle	

considerations	on	average.	For	the	make11to16	segment,	which	contains	consumers	who	

viewed	 between	 eleven	 and	 sixteen	 vehicle	makes,	 the	 consumers	 viewed	 20.44	 vehicle	

models	on	average,	browsed	the	website	for	18.36	web	sessions	on	average,	viewed	361.82	

webpages	on	average,	viewed	39.27	webpages	that	are	related	to	vehicle	configurations	on	
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average,	 and	 viewed	 136.43	 webpages	 that	 are	 related	 to	 vehicle	 considerations	 on	

average.	

From	the	statistics	shown	above,	we	can	infer	that	the	make1	segment	is	searched	in	

the	 most	 focused	 way	 compared	 to	 the	 other	 segments,	 as	 seen	 by	 having	 the	 lowest	

averages	 for	 the	model	 count,	 configuration	count,	 consideration	count,	page	view	count,	

and	 session	 count.	 The	 ordering	 in	 terms	 of	most	 to	 least	 focused	 segments	 are	make1,	

make2,	make3to5,	make6to10,	and	make11to16.	

Nonetheless,	 the	average	per	 consumer	 in	each	segment	alone	may	not	be	able	 to	

provide	 strong	 support	 for	 our	 claim	 about	 which	 segments	 are	 more	 or	 less	 focused	

segments.	One	way	to	provide	additional	support	for	our	claim	is	to	compare	the	amount	of	

effort	spent	on	viewing	each	product	(e.g.,	each	vehicle	make)	among	each	segment.	As	a	

proxy	for	the	amount	of	effort	spent	on	viewing	each	make,	we	calculated	the	average	per	

make	for	each	of	the	variables	and	compare	them	in	the	next	table.	

	
Table	2:	Per	Make	Average	for	Each	Consumer	Segment	

Segment	
Model	count	

per	make	

Configuration	

count	per	make	

Consideration	

count	per	make	

Page	view	

count	per	

make	

Session	count	

per	make	

make1	 1.1830	 11.7241	 20.4772	 31.4141	 2.2207	

make2	 1.2206	 8.1415	 16.0912	 29.0020	 1.9763	

make3to5	 1.2991	 6.0669	 13.9140	 28.5963	 1.8361	

make6to10	 1.4610	 4.3674	 12.4858	 29.4766	 1.6571	

make11to16	 1.6325	 3.1772	 10.9796	 29.0501	 1.4766	
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Table	 2	 shows	 per	 make	 average	 for	 each	 consumer	 segment	 for	 the	 following	

variables:	model	count,	configuration	count,	consideration	count,	page	views,	and	session	

count.	 For	 the	make1	 segment,	which	 contains	 consumers	who	 viewed	 only	 one	 vehicle	

make,	 the	consumers	 in	this	segment	viewed	1.18	models	per	make	on	average,	browsed	

the	website	for	2.2	web	sessions	per	make	on	average,	viewed	31.41	webpages	per	make	

on	average,	viewed	11.72	webpages	that	are	related	to	vehicle	configurations	per	make	on	

average,	and	viewed	20.48	webpages	 that	are	related	 to	vehicle	considerations	per	make	

on	 average.	 For	 the	make2	 segment,	which	 contains	 consumers	who	 viewed	 two	 vehicle	

makes,	 the	 consumers	 viewed	 1.22	 vehicle	 models	 per	 make	 on	 average,	 browsed	 the	

website	 for	 1.97	web	 sessions	 per	make	 on	 average,	 viewed	 29	webpages	 per	make	 on	

average,	 viewed	 8.15	 webpages	 that	 are	 related	 to	 vehicle	 configurations	 per	 make	 on	

average,	and	viewed	16.09	webpages	 that	are	related	 to	vehicle	considerations	per	make	

on	 average.	 For	 the	make3to5	 segment,	which	 contains	 consumers	who	viewed	between	

three	 and	 five	 vehicle	makes,	 the	 consumers	 viewed	 1.29	models	 per	make	 on	 average,	

browsed	 the	website	 for	1.83	web	sessions	per	make	on	average,	viewed	28.6	webpages	

per	make	on	average,	viewed	6.06	webpages	that	are	related	to	vehicle	configurations	per	

make	 on	 average,	 and	 viewed	13.91	webpages	 that	 are	 related	 to	 vehicle	 considerations	

per	make	on	average.	For	the	make6to10	segment,	which	contains	consumers	who	viewed	

between	 six	 and	 ten	 vehicle	 makes,	 the	 consumers	 viewed	 1.46	 models	 per	 make	 on	

average,	 browsed	 the	website	 for	1.65	web	 sessions	per	make	on	 average,	 viewed	29.47	

webpages	 per	 make	 on	 average,	 viewed	 4.37	 webpages	 that	 are	 related	 to	 vehicle	

configurations	per	make	on	average,	and	viewed	12.48	webpages	that	are	related	to	vehicle	
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considerations	 per	 make	 on	 average.	 For	 the	 make11to16	 segment,	 which	 contains	

consumers	who	viewed	between	eleven	and	sixteen	vehicle	makes,	the	consumers	viewed	

1.63	vehicle	models	per	make	on	average,	browsed	the	website	for	1.47	web	sessions	per	

make	 on	 average,	 viewed	 29.05	webpages	 per	make	 on	 average,	 viewed	 3.17	webpages	

that	are	related	to	vehicle	configurations	per	make	on	average,	and	viewed	10.98	webpages	

that	are	related	to	vehicle	considerations	per	make	on	average.	

From	the	statistics	shown	above,	we	can	infer	that	the	make1	segment	searched	in	

the	most	focused	way	among	the	other	segments,	as	seen	by	having	the	lowest	average	per	

make	for	the	model	count,	configuration	count,	consideration	count,	page	view	count,	and	

session	count.	The	ordering	in	terms	of	most	to	least	focused	segments	are	make1,	make2,	

make3to5,	make6to10,	and	make11to16.	

To	provide	a	clearer	picture	of	the	data	set,	I	provide	descriptive	statistics,	as	well	as	

the	per	make	descriptive	statistics,	of	the	variables	in	Table	3	to	Table	11.	

	
Table	3:	Descriptive	Statistics	for	the	Make1	Segment	

	
Model	

count	

Configuration	

count	

Consideration	

count	

Page	view	

count	

Session	

count	

count	 287695	 287695	 287695	 287695	 287695	

mean	 1.1830	 11.7241	 20.4772	 31.4141	 2.2207	

std	 0.5052	 15.2666	 21.9434	 37.9327	 2.3181	

25%	 1	 3	 8	 11	 1	

50%	 1	 6	 14	 20	 1	

75%	 1	 14	 25	 38	 3	
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Table	 3	 shows	 the	 descriptive	 statistics	 of	 the	 Make1	 segment,	 which	 contains	

consumers	who	 viewed	 only	 one	make,	 for	 the	 following	 variables:	 configuration	 count,	

consideration	count,	page	views,	and	session	count.	For	this	segment,	the	median	value	of	

vehicle	models	viewed	is	1	vehicle	models,	the	median	value	of	website	session	count	is	1	

session,	the	median	value	of	webpage	views	is	20	webpages,	the	median	value	of	webpage	

views	 that	 are	 related	 to	 vehicle	 configuration	 is	 6	 webpages,	 and	 the	 median	 value	 of	

webpage	views	that	are	related	to	vehicle	consideration	is	14	webpages.	

	
Table	4:	Descriptive	Statistics	for	the	Make2	Segment	

	 Model	count	 Configuration	count	 Consideration	count	
Page	view	

count	
Session	count	

count	 143813	 143813	 143813	 143813	 143813	

mean	 2.4412	 16.2831	 32.1825	 58.0039	 3.9527	

std	 0.8605	 20.3015	 32.0630	 60.9289	 3.5748	

25%	 2	 4	 12	 22	 2	

50%	 2	 9	 22	 40	 3	

75%	 3	 20	 40	 71	 5	

	

Table	 4	 shows	 the	 descriptive	 statistics	 of	 the	 Make2	 segment,	 which	 contains	

consumers	 who	 viewed	 two	 makes,	 for	 the	 following	 variables:	 configuration	 count,	

consideration	count,	page	views,	and	session	count.	For	this	segment,	the	median	value	of	

vehicle	models	viewed	is	2	vehicle	models,	the	median	value	of	website	session	count	is	3	

sessions,	the	median	value	of	webpage	views	is	40	webpages,	the	median	value	of	webpage	

views	 that	 are	 related	 to	 vehicle	 configuration	 is	 9	 webpages,	 and	 the	 median	 value	 of	

webpage	views	that	are	related	to	vehicle	consideration	is	22	webpages.	The	description	in	
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Table	 5	 shows	 the	 descriptive	 statistics	 per	 vehicle	 make	 of	 the	 segment	 that	 contains	

consumers	who	viewed	two	vehicle	makes	for	the	following	variables:	configuration	count,	

consideration	count,	page	views,	and	session	count.	For	this	segment,	the	median	value	of	

vehicle	models	viewed	is	1	vehicle	models,	the	median	value	of	website	session	count	is	1.5	

session,	the	median	value	of	webpage	views	is	20	webpages,	the	median	value	of	webpage	

views	 that	 are	 related	 to	 vehicle	 configuration	 is	 4.5	webpages,	 and	 the	median	 value	of	

webpage	views	that	are	related	to	vehicle	consideration	is	11	webpages.	

	
Table	5:	Per	Make	Descriptive	Statistics	for	the	Make2	Segment	

	
Model	count	

per	make	

Configuration	

count	per	make	

Consideration	

count	per	make	

Page	view	

count	per	

make	

Session	count	

per	make	

count	 143813	 143813	 143813	 143813	 143813	

mean	 1.2206	 8.1415	 16.0912	 29.0020	 1.9763	

std	 0.4302	 10.1508	 16.0315	 30.4645	 1.7874	

25%	 1	 2	 6	 11	 1	

50%	 1	 4.5	 11	 20	 1.5	

75%	 1.5	 10	 20	 35.5	 2.5	

	

Table	5	shows	the	descriptive	statistics	of	the	segment	that	contains	consumers	who	

viewed	 between	 three	 to	 five	 vehicle	 makes	 for	 the	 following	 variables:	 configuration	

count,	 consideration	 count,	 page	 views,	 and	 session	 count.	 For	 this	 segment,	 the	median	

value	of	 vehicle	models	 viewed	 is	4	 vehicle	models,	 the	median	value	of	website	 session	

count	is	5	sessions,	the	median	value	of	webpage	views	is	77	webpages,	the	median	value	

of	webpage	views	that	are	related	to	vehicle	configuration	is	13	webpages,	and	the	median	
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value	 of	 webpage	 views	 that	 are	 related	 to	 vehicle	 consideration	 is	 37	 webpages.	 The	

description	in	Table	7	shows	the	descriptive	statistics	per	vehicle	make	of	the	segment	that	

contains	 consumers	 who	 viewed	 between	 three	 to	 five	 vehicle	 makes	 for	 the	 following	

variables:	configuration	count,	consideration	count,	page	views,	and	session	count.	For	this	

segment,	 the	 median	 value	 of	 vehicle	 models	 viewed	 is	 1.25	 vehicle	 model,	 the	 median	

value	 of	 website	 session	 count	 is	 1.5	 session,	 the	median	 value	 of	 webpage	 views	 is	 21	

webpages,	the	median	value	of	webpage	views	that	are	related	to	vehicle	configuration	is	

3.67	 webpages,	 and	 the	 median	 value	 of	 webpage	 views	 that	 are	 related	 to	 vehicle	

consideration	is	10	webpages.	

	
Table	6:	Descriptive	Statistics	for	the	Make3to5	Segment	

	 Model	count	 Configuration	count	 Consideration	count	
Page	view	

count	
Session	count	

count	 168722	 168722	 168722	 168722	 168722	

mean	 4.8569	 22.0910	 51.2867	 106.3161	 6.7867	

std	 1.8804	 25.7316	 47.6440	 98.4210	 5.4585	

25%	 3	 6	 20	 44	 3	

50%	 4	 13	 37	 77	 5	

75%	 6	 28	 65	 133	 9	
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Table	7:	Per	Make	Descriptive	Statistics	for	the	Make3to5	Segment	

	
Model	count	

per	make	

Configuration	

count	per	make	

Consideration	

count	per	make	

Page	view	

count	per	

make	

Session	count	

per	make	

count	 168722	 168722	 168722	 168722	 168722	

mean	 1.2991	 6.0669	 13.9140	 28.5963	 1.8361	

std	 0.3924	 7.1373	 12.7343	 25.7759	 1.4424	

25%	 1	 1.6667	 5.6667	 12.5	 1	

50%	 1.25	 3.6667	 10	 21	 1.5	

75%	 1.5	 7.6667	 17.6667	 35.6667	 2.3333	

	

The	 description	 in	 Table	 8	 shows	 the	 descriptive	 statistics	 of	 the	 segment	 that	

contains	 consumers	 who	 viewed	 between	 six	 to	 ten	 vehicle	 makes	 for	 the	 following	

variables:	configuration	count,	consideration	count,	page	views,	and	session	count.	For	this	

segment,	the	median	value	of	vehicle	models	viewed	is	10	vehicle	models,	the	median	value	

of	 website	 session	 count	 is	 10	 sessions,	 the	 median	 value	 of	 webpage	 views	 is	 171	

webpages,	the	median	value	of	webpage	views	that	are	related	to	vehicle	configuration	is	

21	 webpages,	 and	 the	 median	 value	 of	 webpage	 views	 that	 are	 related	 to	 vehicle	

consideration	 is	70	webpages.	The	description	 in	Table	9	shows	the	descriptive	statistics	

per	vehicle	make	of	the	segment	that	contains	consumers	who	viewed	between	six	to	ten	

vehicle	makes	 for	 the	 following	variables:	 configuration	 count,	 consideration	 count,	 page	

views,	and	session	count.	For	this	segment,	 the	median	value	of	vehicle	models	viewed	is	

1.38	vehicle	models,	the	median	value	of	website	session	count	is	1.43	session,	the	median	

value	 of	 webpage	 views	 is	 23.5	webpages,	 the	median	 value	 of	 webpage	 views	 that	 are	
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related	to	vehicle	configuration	is	2.86	webpages,	and	the	median	value	of	webpage	views	

that	are	related	to	vehicle	consideration	is	9.7	webpages.	

	
Table	8:	Descriptive	Statistics	for	the	Make6to10	Segment	

	 Model	count	 Configuration	count	 Consideration	count	
Page	view	

count	
Session	count	

count	 64691	 64691	 64691	 64691	 64691	

mean	 10.7848	 31.5496	 91.1314	 216.4710	 12.0886	

std	 3.7263	 32.5587	 73.7832	 163.1594	 8.3618	

25%	 8	 9	 39	 103	 6	

50%	 10	 21	 70	 171	 10	

75%	 13	 42	 121	 278	 16	

	
	
	

Table	9:	Per	Make	Descriptive	Statistics	for	the	Make6to10	Segment	

	
Model	count	

per	make	

Configuration	

count	per	make	

Consideration	

count	per	make	

Page	view	

count	per	

make	

Session	count	

per	make	

count	 64691	 64691	 64691	 64691	 64691	

mean	 1.4610	 4.3674	 12.4858	 29.4766	 1.6571	

std	 0.3876	 4.5502	 9.9819	 21.6522	 1.1233	

25%	 1.1667	 1.2857	 5.5	 14.6	 0.8571	

50%	 1.375	 2.8571	 9.7	 23.5	 1.4286	

75%	 1.6667	 5.75	 16.5	 37.6667	 2.1667	

	
	

The	 description	 in	 Table	 10	 shows	 the	 descriptive	 statistics	 of	 the	 segment	 that	

contains	consumers	who	viewed	between	eleven	to	sixteen	vehicle	makes	for	the	following	
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variables:	configuration	count,	consideration	count,	page	views,	and	session	count.	For	this	

segment,	the	median	value	of	vehicle	models	viewed	is	20	vehicle	models,	the	median	value	

of	 website	 session	 count	 is	 16	 sessions,	 the	 median	 value	 of	 webpage	 views	 is	 312	

webpages,	the	median	value	of	webpage	views	that	are	related	to	vehicle	configuration	is	

28	 webpages,	 and	 the	 median	 value	 of	 webpage	 views	 that	 are	 related	 to	 vehicle	

consideration	is	115	webpages.	The	description	in	Table	11	shows	the	descriptive	statistics	

per	 vehicle	make	 of	 the	 segment	 that	 contains	 consumers	who	 viewed	 eleven	 to	 sixteen	

vehicle	makes	 for	 the	 following	variables:	 configuration	 count,	 consideration	 count,	 page	

views,	and	session	count.	For	this	segment,	 the	median	value	of	vehicle	models	viewed	is	

1.58	vehicle	models,	the	median	value	of	website	session	count	is	1.31	session,	the	median	

value	 of	 webpage	 views	 is	 25	 webpages,	 the	 median	 value	 of	 webpage	 views	 that	 are	

related	to	vehicle	configuration	is	2.25	webpages,	and	the	median	value	of	webpage	views	

that	are	related	to	vehicle	consideration	is	9.23	webpages.	

	
Table	10:	Descriptive	Statistics	for	the	Make11to16	Segment	

	 Model	count	 Configuration	count	 Consideration	count	
Page	view	

count	
Session	count	

count	 11706	 11706	 11706	 11706	 11706	

mean	 20.4435	 39.2706	 136.4329	 361.8230	 18.3642	

std	 5.2134	 37.1341	 97.1971	 214.6923	 11.2360	

25%	 17	 12	 62	 200	 10	

50%	 20	 28	 115	 312	 16	

75%	 24	 55	 189	 474	 25	
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Table	11:	Per	Make	Descriptive	Statistics	for	the	Make11to16	Segment	

	
Model	count	

per	make	

Configuration	

count	per	make	

Consideration	

count	per	make	

Page	view	

count	per	

make	

Session	count	

per	make	

count	 11706	 11706	 11706	 11706	 11706	

mean	 1.6325	 3.1772	 10.9796	 29.0501	 1.4766	

std	 0.3625	 3.0380	 7.8400	 17.2517	 0.9022	

25%	 1.3636	 0.9333	 5	 16.2727	 0.7692	

50%	 1.5833	 2.25	 9.2308	 25	 1.3077	

75%	 1.8462	 4.4167	 15.1667	 38	 2	

	
	

To	further	investigate	the	consumer	search	behavior	in	our	sample,	we	segmented	

the	 sample	 by	 the	 platform	 that	 they	 used	 for	 browsing	 the	website.	 The	 description	 in	

Table	 12	 shows	 the	 statistics	 for	 the	 consideration	 page	 view	 count	 for	Mobile	 platform	

segment	 and	Wired	platform	segment.	 In	 the	 sample,	 there	 are	107,793	mobile	platform	

consumers	 and	 494,429	wired	 platform	 consumers.	 For	Mobile	 segment,	 the	 consumers	

viewed	0.05	webpages	that	are	related	to	vehicle	consideration	on	average,	and	the	median	

value	for	the	consideration	page	view	count	is	0.	For	Wired	segment,	the	consumers	viewed	

38.42	webpages	that	are	related	to	vehicle	consideration	on	average,	and	the	median	value	

for	the	consideration	page	view	count	is	23.	
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Table	12:	Mobile	vs.	Wired:	Consideration	Page	View	Count	Summary	Statistics		

	 Consideration	Page	View	Count	

	 Mobile	 Wired	

count	 107793	 494429	

mean	 0.0512	 38.4243	

std	 0.4967	 46.4691	

mode	 0	 7	

25%	 0	 11	

50%	 0	 23	

75%	 0	 47	

	

The	 description	 in	 Table	 13	 shows	 the	 statistics	 for	 the	 consideration	 page	 view	

count	for	Mobile	platform	segment	and	Wired	platform	segment.	For	Mobile	segment,	the	

consumers	viewed	0.07	webpages	that	are	related	to	vehicle	configuration	on	average,	and	

the	 median	 value	 for	 the	 consideration	 page	 view	 count	 is	 0.	 For	 Wired	 segment,	 the	

consumers	 viewed	 17.86	webpages	 that	 are	 related	 to	 vehicle	 configuration	 on	 average,	

and	the	median	value	for	the	consideration	page	view	count	is	10.	

Table	13:	Mobile	vs.	Wired:	Configuration	Page	View	Count	Summary	Statistics	
	 Configuration	Page	View	Count	
	 Mobile	 Wired	

count	 107793	 494429	
mean	 0.0697	 17.8649	
std	 0.6269	 23.0166	
mode	 0	 3	
min	 0	 1	
25%	 0	 4	
50%	 0	 10	
75%	 0	 22	
max	 9	 208	
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2.4	Empirical	Investigation	

I	created	data	visualizations	to	provide	a	qualitative	understanding	of	the	behavioral	

differences	 between	 focused	 consumers	 and	 broad	 consumers.	 The	 consumers	 are	

segmented	 based	 on	 the	 number	 of	 distinct	 makes	 that	 each	 consumer	 viewed	 on	 the	

website.	 For	 example,	 the	 ‘make1’	 group	 includes	 consumers	who	have	 viewed	only	 one	

distinct	make,	 the	 ‘make3to5’	group	 includes	consumers	who	have	viewed	3	to	5	distinct	

makes.	

We	define	focused	consumers	as	the	consumers	who	viewed	1	or	2	distinct	makes.	

This	 segment	 of	 consumers	 is	 possibly	 further	 in	 the	 shopping	 process.	 The	 number	 of	

focused	consumers	 in	the	sample	 is	431,508	consumers.	Broad	consumers	are	defined	as	

consumers	who	viewed	11+	distinct	makes.	The	number	of	broad	consumers	in	the	sample	

is	 11,706	 consumers.	 For	 the	 focused	 consumers	 vs.	 broad	 consumers,	 we	 look	 at	 the	

following	 activities:	 model	 viewed	 count,	 consideration	 page	 view	 count,	 configuration	

page	view	count,	and	page	view	count.	The	data	visualizations	are	presented	as	follows.	

	

	
	

Figure	2:	Focused	vs.	Broad	Consumers:	Sessions	Per	Make	
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From	the	plots	in	Figure	2	and	Figure	3,	I	found	that	focused	consumers,	who	are	the	

consumers	that	browsed	between	one	and	two	makes,	engaged	 in	more	website	sessions	

per	 make,	 and	 more	 pages	 viewed	 per	 make,	 than	 broad	 consumers,	 who	 are	 the	

consumers	who	browsed	more	than	two	makes.	

	

	
	

Figure	3:	Focused	vs.	Broad	Consumers:	Page	Views	per	make	

	
	

Furthermore,	 focused	 consumers,	 who	 are	 the	 consumers	who	 browsed	 between	

one	 and	 two	 makes,	 view	more	 webpages	 that	 are	 related	 to	 vehicle	 consideration	 per	

vehicle	make	 than	 broad	 consumers,	which	 are	 the	 consumers	who	 browsed	more	 than	

two	 vehicle	 makes,	 as	 shown	 in	 Figure	 4.	 And,	 the	 focused	 consumers,	 which	 are	 the	

consumers	 who	 browsed	 between	 one	 and	 two	 makes,	 view	 more	 webpages	 that	 are	

related	 to	 vehicle	 configuration	 per	 vehicle	 make	 than	 broad	 consumers,	 which	 are	 the	

consumers	who	browsed	more	than	two	vehicle	makes,	as	shown	in	Figure	5.	
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Figure	4:	Focused	vs.	Broad	Consumers:	Consideration	Pages	per	Make	

	
	
	

	
	

Figure	5:	Focused	vs.	Broad	Consumers:	Configuration	Pages	per	Make	

	

Figure	 6	 shows	 that	 focused	 consumers,	 which	 are	 the	 consumers	 who	 browsed	

between	 1	 to	 2	 vehicle	makes,	 view	 fewer	 vehicle	models	 per	 vehicle	make	 than	 broad	

consumers,	which	are	the	consumers	who	browsed	more	than	2	vehicle	makes.	This	finding	

helps	to	reveal	the	difference	between	the	focused	consumers	vs.	broad	consumers.	
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Figure	6:	Focused	vs	Broad	Consumers:	Number	of	Models	per	Make	

	

I	 continue	 the	 empirical	 investigation	 by	 visualizing	 the	 behavioral	 differences	

between	mobile	platform	consumer	and	wired	platform	consumer	 segments	 (also	 called,	

“desktop	or	laptop	consumers”).	I	first	report	the	differences	of	the	two	segments.	

	

	
	

Figure	7:	Mobile	vs	Wired	Consumers:	Vehicle	Consideration	Page	Count	

	



	

	
	

50 

Most	 mobile	 platform	 consumers	 do	 not	 visit	 consideration	 pages	 while	 wired	

platform	 consumers	 visit	 consideration	 pages	 at	 least	 once,	 as	 shown	 in	 Figure	 7.	 In	

addition,	 most	mobile	 platform	 consumers	 do	 not	 visit	 configuration	 pages	 while	 wired	

platform	consumers	visit	configuration	pages	at	least	once,	as	shown	in	Figure	8.	

	

	
	

Figure	8:	Mobile	vs.	Wired	Consumers:	Vehicle	Configuration	Page	Count	

	

Our	 further	 investigation	 for	 the	 online	 product	 search	 behavioral	 differences	

between	 these	 two	 segments	 (mobile	 vs.	wired	 platform	 consumers)	 found	 that	 the	 two	

segments	behave	very	similarly	on	the	remaining	online	search	activities,	which	are:	

• Total	sessions	count	

• Total	page	views	count	

• Click-Through	Rate	(CTR)	

• Total	page	views	of	the	comparator	page	

• Total	page	views	for	Incentives	&	Rebates	info	on	a	specific	model	
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As	shown	in	Figure	9	and	Figure	10,	mobile	platform	consumers	engage	in	a	slightly	

higher	number	of	website	sessions	 than	wired	consumers	although	they	browsed	similar	

number	of	webpages	in	total.	

	

	
	

Figure	9:	Mobile	vs.	Wired:	Total	Sessions	

	

	
	

Figure	10:	Mobile	vs.	Wired:	Total	Page	Views	
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For	 the	analysis	about	Clickthrough	Rate	 (CTR),	we	have	data	on	 impressions	and	

clicks	for	47	advertisers.	Each	consumer’s	CTR	is	calculated	by	dividing	the	total	count	of	

advertisement	clicks	by	 the	total	count	of	advertisement	 impressions	(total	count	of	how	

many	advertisements	viewed).	Figure	11	shows	 that	mobile	consumers	are	slightly	more	

likely	to	click	on	ads	shown	to	them.	

	
	

Figure	11:	Mobile	vs.	Wired:	Click	Through	Rate	

	

As	we	go	deeper	into	analyzing	the	types	of	page	views,	Figure	12	shows	that	mobile	

platform	 consumers	 visit	 the	 comparator	 page	 slightly	 less	 often	 than	 wired	 platform	

consumers.	 Figure	 13	 shows	 that	 mobile	 platform	 consumers	 visit	 webpages	 about	

Incentives	and	Rebates	info	on	a	specific	car	model	slightly	more	often	than	wired	platform	

consumers.	
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Figure	12:	Mobile	vs.	Wired:	Use	of	Comparator	

	
	

	
	

Figure	13:	Mobile	vs.	Wired:	Total	Page	View	For	Incentives	&	Rebates	Info	On	A	Specific	

Model	
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2.5	Conclusions	

This	 chapter	 provides	 explicit	 data	 visualizations	 of	 consumer	 online	 search	

behaviors.	Our	visualizations	are	segmented	into	consumers	who	searched	in	a	focused	vs.	

broad	way.	 This	 study	 provides	 the	 following	 insights.	 First,	 focused	 consumers	 conduct	

more	extensive	research	on	a	limited	set	of	vehicles	than	broad	consumers.	To	be	specific,	

focused	consumers	engaged	in	more	sessions	per	make,	viewed	more	consideration	pages	

per	make,	and	viewed	fewer	models	per	make	than	broad	consumers.	

Second,	 for	 mobile	 platform	 consumers	 vs.	 wired	 (desktop/laptop)	 platform	

consumers,	 their	 behaviors	 are	 very	 different	 on	 two	 dimensions,	 which	 are	 the	

consideration	page	 count	 and	 configuration	page	 count.	 In	 addition,	 the	mobile	 platform	

consumers	engage	 in	a	slightly	higher	number	of	sessions,	visit	 the	comparator	page	 less	

often,	and	visit	 incentives	and	rebates	info	on	a	specific	car	model	more	often	than	wired	

platform	consumers.	

This	study	can	be	extended	in	several	ways.	First,	 in	the	current	study,	we	did	not	

take	 the	effect	of	 advertising	 into	account.	 It	would	be	 important	 to	examine	how	online	

advertising	impacts	consumer	online	search	behavior.	Second,	it	will	be	more	informative	

to	examine	the	impact	of	different	types	of	online	advertising	strategies.	The	extension	of	

this	 study	 will	 help	 marketers	 understand	 consumer	 online	 behavior	 and	 optimize	

advertising	allocation.	
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CHAPTER	 3.	 The	 Impact	 of	 Retention	 Advertising	

on	Consumer	Online	Search	Behavior	

	

Abstract	

Understanding	 the	 impact	 of	 display	 ads	 on	 consumer	 behavior	 is	 an	 important	

research	 area.	 The	 effectiveness	 of	 display	 advertising	 was	 initially	 evaluated	 by	 using	

simple	proxies,	 such	 as	 the	 click-through-rate	 (CTR).	However,	 such	proxies	have	 shown	

decreasing	performance	over	time,	creating	concerns	about	whether	display	advertising	is	

indeed	effective.	Moving	beyond	using	CTR,	 this	 chapter	 adds	 to	 the	 literature	of	display	

advertising	by	evaluating	ad	effectiveness	by	using	new	consumer	behavior	variables	that	

offer	an	insight	into	consumer	product	search.	

In	the	previous	chapters,	we	had	explored	the	patterns	of	website	consumers	who	

expressed	deep	vs.	broad	attention	to	the	considering	products.	In	this	chapter,	our	focus	is	

to	 explore	 the	 impact	 of	 a	 digital	 marketing	 tool	 (i.e.,	 online	 advertising)	 on	 consumer	

search	behavior.	We	choose	to	explore	a	specific	type	of	online	advertising	strategy,	that	is,	

retention	advertising.	Retention	advertising	is	when	firms	decide	their	advertising	strategy	

by	targeting	based	on	consumers’	interests	by	matching	ad	product	category	to	the	website	

content	the	user	is	browsing.	
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We	 conducted	 the	 empirical	 analyses	 by	 focusing	 on	 the	 impact	 of	 retention	

advertisement	 on	 two	 types	 of	 consumer	 search	 behavior,	 which	 are	 product	 search	

intensity	and	product	revisit.	Most	importantly,	to	mitigate	the	potential	self-selection	and	

other	treatment	selection	biases,	we	utilize	the	viewability	of	the	display	advertisements	to	

mimic	 the	exogeneity	of	a	 randomized	experiment	 (Ghose	and	Todri	2016).	This	method	

simulates	a	quasi-experiment	by	creating	two	groups	of	consumers:	those	who	are	exposed	

to	the	display	advertisements	and	those	who	are	not,	while	Both	groups	are	targeted	by	the	

same	 targeting	 criteria	 and	 marketing	 campaign.	 Besides,	 we	 account	 for	 the	 consumer	

stage	 of	 search	 by	 using	 a	 proxy	 variable	 that	 is	 an	 entropy	 variable	 that	measures	 the	

diversity	of	products	searched	within	each	website	session,	similar	to	the	work	of	Abhishek	

et	al.	(2012).	

	

3.1	Introduction	

Prior	research	that	investigated	the	effects	of	online	display	advertising	focuses	on	

click-through	 rate	 (CTR)	 and	 conversion	 rate	 as	 the	 main	 proxies	 of	 ad	 valuation	 (e.g.,	

Lewis	and	Wong	2018,	Choi	et	al.	2020).	In	terms	of	click-through	rate,	Dreze	and	Hussherr	

(2003)	 suggested	 that	 click-through	 rate	 is	 an	 ineffective	 measure	 of	 ad	 performance	

because	click-through	rates	have	plummeted,	and	they	claimed	that	advertisers	should	rely	

more	on	measures	such	as	brand	recognition	and	advertising	recall.	In	terms	of	conversion	

rate,	 prior	 research	 findings	 are	 inconclusive.	 Xu	 et	 al.	 (2014)	 found	 that	 display	

advertisements	have	relatively	low	direct	effect	on	purchase	conversion,	but	they	are	more	

likely	 to	 stimulate	 subsequent	 visits.	 On	 the	 other	 hand,	 Ghose	 and	 Todri	 (2016)	 found	
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statistically	 significant	effects	of	display	advertising	on	 increasing	 consumers’	propensity	

to	make	 a	 purchase,	 and	 that	 advertising	 performance	 is	 amplified	when	 consumers	 are	

targeted	earlier	in	the	purchase	funnel	path.	Some	researchers	have	found	that	that	online	

display	 advertisements	 are	 more	 likely	 to	 stimulate	 consumers’	 online	 search	 behavior,	

such	as	subsequent	visits	through	other	advertisement	formats	(e.g.,	Xu	et	al.	2014).	Thus,	

commonly	used	measures	of	CTR	and	conversion	rate	underestimate	 the	effectiveness	of	

online	display	advertising.	

The	study	in	this	chapter	adds	to	the	literature	of	display	advertising	in	two	ways:	1)	

it	 focuses	on	a	specific	advertising	strategy,	retention	advertising.	Retention	advertising	

is	 the	 strategy	 of	 targeting	 based	 on	 consumers’	 interests	 by	 matching	 the	 ad	 product	

category	to	the	website	content	the	user	is	in	the	process	of	browsing.	Prior	literature	that	

discusses	different	advertising	strategies	include	Goldfarb	and	Tucker	(2011)	and	Iyer	et	al.	

(2005).	 The	 former	 studied	 advertising	 targeting	 and	 obtrusiveness,	 while	 the	 latter	

studied	advertising	strategy	that	match	the	ads	to	consumers	whose	preferences	match	a	

product’s	attributes.	2)	This	study	proposes	an	alternative	way	to	evaluate	ad	effectiveness	

by	 using	 new	 consumer	 behavior	 variables	 that	 offer	 a	 richer	 description	 of	 consumer	

product	 search.	 We	 introduce	 an	 alternative	 dimension	 on	 how	 to	 measure	 online	

advertising	 effectiveness.	 Instead	 of	 focusing	 only	 on	 the	 purchases	 and	 ad	 clicks	 as	 the	

outcome	 variables,	 we	 proposed	 utilizing	 consumer	 online	 search	 behaviors	 as	 another	

indicator	 for	measuring	 advertising	 effectiveness.	 The	 consumer	online	 search	behaviors	

that	we	 focused	on	 in	 this	 chapter	 are	product	 search	 intensity	 and	product	 revisits.	We	

define	a	consumer	product	search	session	as	the	continuous	webpages	viewed	on	the	focal	
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product	 without	 viewing	 any	 other	 product	 (Bronnenberg	 et	 al	 2016).	 If	 the	 consumer	

switched	to	view	another	product,	a	return	visit	to	the	previously	viewed	products	counts	

as	a	new	search	for	the	focal	product.		Consumer	product	search	is	a	proxy	for	consumers’	

decisions	regarding	which	products	to	search	for.	“product	search	intensity”	 is	defined	as	

the	effort	that	a	consumer	spends	in	a	product	search	session.	We	use	the	terms	“product	

search	 intensity”	 and	 “product	 viewing	 intensity”	 interchangeably.	 In	 the	 marketing	

literature,	product	search	 intensity	was	measured	by	time	duration,	 the	number	of	pages	

viewed,	or	content	variety	(e.g.,	configuration,	pricing,	features,	photos,	user	reviews)	in	a	

single	 search	 (Mallapragada	 et	 al.	 2016,	 Bronnenberg	 et	 al	 2016).	 “product	 revisits”	 are	

defined	 as	 a	 probability	 of	 a	 return	 visit	 on	 the	 previously	 viewed	 product.	 Empirical	

observation	 suggests	 that	 revisits	 represent	 a	 significant	 portion	 of	 consumers’	 search	

process,	 and	 strongly	 correlates	with	 consumers’	 purchase	 decisions	 (Bronnenberg	 et	 al	

2016).	

According	 to	 the	 IAB	 Internet	 Advertising	 Revenue	 reports	 (2019),	 digital	

advertising	 revenues	 in	 the	 United	 States	 have	 surpassed	 $100	 billion	 in	 2018	 and	 are	

trending	 upwards.	 The	 prevalence	 of	 digital	 advertising,	 as	 well	 as	 the	 availability	 of	

individual-level	consumer	clickstream	data,	has	assisted	academic	researchers	in	observing	

and	studying	consumer	online	browsing	behavior	(e.g.,	Bronnenberg	et	al.	2016,	Rutz	and	

Bucklin	 2012).	 Firms	 may	 decide	 their	 advertising	 strategy	 by	 targeting	 based	 on	

consumers’	interests,	for	example,	by	matching	ad	product	category	to	the	website	content	

the	 user	 is	 browsing.	 This	 type	 of	 advertising	 strategy	 is	 referred	 to	 as	 retention	

advertising.	On	the	other	hand,	 firms	may	use	advertising	 to	reach	those	consumers	who	
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are	considering	a	competitor’s	product.	This	 type	of	advertising	strategy	 is	referred	to	as	

conquest	advertising.	For	example,	Samsung	can	place	conquest	ads	next	to	a	publisher’s	

review	article	on	Apple’s	newly	launched	iPhone.	

Understanding	how	online	display	advertisements	affect	consumers’	online	search	

behavior	 is	an	 important	research	area.	 It	 is	 the	key	to	understanding	the	role	of	various	

touchpoints	 in	 determining	 customers'	 purchase	 journeys	 (Court	 et	 al.	 2009).	 Shi	 et	 al.	

(2013)	used	eye-tracking	data	to	examine	how	customers	acquire	and	process	information	

in	 their	 online	 decision	 making.	 In	 order	 to	 understand	 the	 impact	 of	 online	 display	

advertising,	 it	 is	 important	 to	 understand	 how	 consumers'	 search	 process,	 including	

consumers'	information	acquisition,	search	and	information	processing	are	affected	by	the	

advertisements	 (Kannan	 2017).	 Ratchford	 et	 al.	 (2003)	 examined	 how	 the	 online	

environment	 affects	 automobile	 purchases	 and	 showed	 that	 the	 Internet	 shortens	 the	

consideration	and	evaluation	stages	of	the	customer	journey.	A	later	study	by	Ratchford	et	

al.	 (2007)	 in	 the	 same	 automobile	 context,	 found	 that	 the	 Internet	 substitutes	 for	 time	

spent	at	 the	dealer,	 for	print	 content	 from	 third-party	 sources	 in	 the	pre-purchase	stage,	

and	for	time	spent	in	negotiating	prices	in	the	purchase	consummation	stage.	These	results	

highlight	the	importance	of	understanding	consumer	behavior	in	online	environments.	

Bronnenberg	 et	 al.	 (2016)	 examined	 customer	 online	 search	 intensity	 for	 multi-

attribute,	 differentiated	 durable	 goods	 such	 as	 cameras,	 and	 found	 that	 on	 average	 a	

customer	conducts	14	searches	online	across	multiple	brands,	models,	and	online	retailers	

over	a	2-week	period.	However,	the	extensive	search	is	confined	to	a	small	set	of	attributes,	

and	 70%	 of	 customers	 search	 and	 purchase	 within	 the	 same	 online	 retailer.	 They	 also	
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found	that	customers	first	search	with	generic	keywords	and	then	narrow	down	to	specific	

keywords,	echoing	the	research	findings	by	Rutz	and	Bucklin	(2011).		

Empirical	studies	on	the	characteristics	of	search	are	sparse,	possibly	because	of	the	

partial	 observation	 of	 consumer	 search	 used	 in	 the	 past.	 Among	 most	 relevant	 existing	

studies	are	De	Los	Santos	et	al.	(2016)	and	Koulayev	(2014)	who	explain	that	consumers	

revisit	 items	 that	were	 searched	 previously	 because	 of	 learning	 or	 nonstationary	 search	

costs.	 Koulayev	 (2014)	 shows	 that	 decreasing	 reservation	 values,	 in	 the	 presence	 of	

increasing	search	cost,	can	also	explain	consumers’	tendency	to	purchase	previously	visited	

items.	The	 research	 focus	of	 this	 chapter	 is	 to	understand	 the	 impact	of	online	 retention	

advertising	on	consumer	online	product	search	behaviors.	

3.2	Literature	Review	and	Theoretical	Background	

The	literature	on	consumer	online	shopping	behavior	

The	 study	 by	 Bronnenberg	 et	 al.	 (2016)	 describes	 how	 consumers	 search	 for	

products	 and	 make	 purchase	 decisions	 online.	 They	 found	 that	 online	 search,	 which	 is	

defined	 by	 the	 sequence	 of	 domain-item	 webpages	 visited,	 is	 extensive	 across	 product	

brands	 and	 models,	 sellers,	 and	 time.	 Before	 purchasing	 a	 digital	 camera,	 a	 consumer	

conducts	 an	 average	 of	 14	 online	 searches,	 navigating	 over	 2.8	 brands,	 6.4	 models,	 4	

domains,	during	6	sessions,	and	spread	over	2	weeks.	The	extent	of	search	is	measured	in	

terms	of	six	variables:	domains,	brands,	models,	products,	search	(i.e.,	 the	combination	of	
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web	 page	 URL	 and	 time),	 and	 elapsed	 (passed)	 time	 between	 first	 search	 and	 purchase	

counted	(in	the	unit	of	days).		

Bucklin	and	Sismeiro	 (2009)	discuss	 research	 themes	relating	 to	 consumer	online	

shopping	behavior:	(1)	Usage	of	the	Internet:	how	consumers	navigate	websites,	consumer	

browsing	behavior,	 consumer	website	 choice,	 etc.	 (2)	Online	advertising	methods:	 studies	

related	 to	 the	use	and	effects	of	banner	advertisements,	paid	search	advertisements,	 and	

email	 advertisements.	 (3)	 Shopping	 on	 the	 Internet:	 how	 consumers	 shop	 for	 products	

online	and	how	to	predict	consumer	online	purchase	intent.	Bucklin	and	Sismeiro	(2009)	

utilize	clickstream	data	for	their	study.	Clickstream	data	is	the	electronic	record	of	Internet	

usage	(ie.,	a	user’s	activity	on	the	Internet)	collected	by	web	servers	or	third-party	services.	

The	 availability	 of	 clickstream	 data	 allows	 researchers	 in	 Information	 Systems	 and	

Marketing	 to	 have	 a	 more	 granular	 insight	 on	 online	 consumer	 behavior	 and	 purchase	

intent.	 Bucklin	 and	 Sismeiro	 (2009)	 also	 define	 site-centric	 clickstream	 data	 as	 the	

clickstream	data	that	were	collected	by	a	single	website.	This	specific	 type	of	clickstream	

data	can	provide	researchers	with	an	in-depth	level	of	detailed	records	of	what	consumers	

do	 when	 navigating	 and	 interacting	 with	 a	 given	 site.	 The	 limitation	 of	 this	 specific	

clickstream	data	is	that	it	lacks	information	about	the	user’s	activities	on	the	other	websites	

and	user-specific	information	such	as	demographic	information.	The	server	log	files	record	

information	 on	 the	 consumer’s	 cookie	 ID	 and	 IP	 address,	 allowing	 the	 identification	 of	

unique	users	and	return	visits.	

Furthermore,	 there	has	been	 an	 emergence	 in	 the	 literature	 that	measures	 online	

consumer	 engagement	 as	 a	 result	 of	 applying	 online	marketing	 strategies.	 The	 outcome	
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variables	 that	 are	 widely	 used	 for	 measuring	 online	 consumer	 engagement	 are	 “page	

views”	and	“duration	of	visits”.	Among	the	studies	within	the	literature,	Mallapragada	et	al.	

2016	 explore	 the	 effects	 of	 product	 and	 website	 characteristics	 on	 online	 shopping	

behavior.	 The	 authors	 studied	 the	 impact	 of	 browsing	 characteristics,	 in	 terms	 of	 the	

number	 of	 web	 pages	 viewed,	 the	 duration	 of	 time	 dwell	 browsing	 the	 website,	

characteristics	 of	 both	 the	product	 being	 shopped	 and	 the	website	 (e.g.,	 product	 variety,	

communication	functions	such	as	chat	room	and	messaging)	on	purchase	decision	and	an	

online	transaction’s	basket	value	(in	terms	of	the	amount	of	money	spent	on	the	purchase).	

They	 found	 that	 the	 number	 of	 pages	 viewed	 is	 positively	 associated	 with	 purchase	

decision	and	basket	value,	and	the	website	visit	duration	is	positively	related	to	purchase	

decision.	The	experiment	was	conducted	by	letting	the	purchase	incidence	take	a	value	of	1	

if	the	consumer	makes	a	purchase	in	a	given	session	and	0	otherwise,	 independent	of	the	

basket	value.	Communication	functions	(e.g.	chat	room,	messaging)	on	the	online	retailer’s	

website	 are	 positively	 associated	 with	 basket	 value	 for	 hedonic	 products,	 while	 the	

navigation-related	 type	 of	 functions	 (e.g.	 site	maps)	 is	 beneficial	 for	 utilitarian	 products.	

They	 use	 transaction-level	 household	 panel	 data	 and	 website	 behavior	 data	 in	 the	 year	

2011.	Included	in	the	website	behavior	data	are	the	browsing	and	buying	behavior	data	of	

online	users	in	the	U.S.	The	panel	is	obtained	from	a	random	sampling	of	2	million	Internet	

users.	The	authors	use	an	individual	household	data	set,	which	contains	information	about	

every	website	visited,	page	views,	and	duration	of	visit	at	each	website	during	the	browsing	

session.	 Dahaner	 et	 al.	 (2006)	 study	 the	 factors	 that	 affect	 website	 visit	 duration.	 The	

authors	found	that	the	increase	in	text	and	advertising	content	result	in	shorter	visit	times.	

However,	the	results	depend	on	user	demographics;	older	and	female	users	tend	to	have	a	
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longer	duration	of	 visits	 than	younger	male	users.	A	 further	 study	was	done	by	Dahaner	

(2007),	 focusing	 on	 modeling	 consumer	 page	 views	 across	 multiple	 websites	 to	 study	

internet	reach	and	predict	browsing	 frequency.	 In	a	 later	study,	Lin	et	al.	 (2010)	confirm	

that	page	views	and	visit	duration	are	positively	correlated	with	consumer	choice.	

The	literature	on	the	effect	of	online	ads	on	consumer	product	search.	

Emerging	online	 consumer	 tracking	 technology	not	 only	 allows	 the	platforms	and	

websites	 to	 learn	 about	 consumer	 online	 behavior	 but	 also	 leads	 to	 improvement	 in	

targeted	 advertising	 strategies.	 There	 are	 many	 targeted	 advertising	 mechanisms	 for	

advertising.	 For	 example,	 targeting	 based	 on	 audience	 demographics,	 based	 on	 context	

(also	called	“contextual	targeting”),	which	the	advertisements	that	match	the	context	of	the	

website,	 and	 based	 on	 past	 online	 behavior	 (also	 called	 “behavioral	 targeting”).	 	 This	

mechanism	involves	determining	users’	prior	clickstream	data	to	determine	whether	they	

matched	with	 the	ads.	There	 is	a	 form	of	behavioral	 targeting	called	 “retargeting”,	which	

would	 show	 the	 ads	 to	 the	 users	 who	 had	 searched	 for,	 or	 viewed,	 the	 specific	 type	 of	

content.	Chen	et	 al.	 (2001)	examined	 the	ability	 to	 target	 loyal	 customers	 (in	 contrast	 to	

those	 that	 tend	 to	 be	 switchers)	 and	 showed	 that	 imperfect	 targeting	 can	 lessen	 the	

competition.	Iyer	et	al.	(2005)	focus	on	the	impact	of	improved	targeting	on	profits	in	the	

competition	of	horizontally	differentiated	firms	and	heterogeneous	customer	preferences.	

Their	 finding	 is	 that	 targeted	advertising	can	be	more	valuable	 than	targeted	pricing	 in	a	

competitive	environment.	
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Display	 advertisements	 include	 simple	 banner	 ads,	 plain	 text	 ads,	 typical	 ads	 that	

are	shown	on	generic	websites	(Goldfarb	2014).	Pricing	mechanisms	for	display	ads	vary	

(i.e.,	 dynamic	 advertising	 auctions),	 depending	 on	 the	 website.	 The	 pricing	 variables	

include	cost	per	click,	cost	per	thousand	impressions	(Zhu	and	Wilbur	2011).	To	optimize	

the	 firms’	 advertising	 spending,	 studies	 have	 been	 conducted	 to	 determine	 the	

effectiveness	of	online	advertisements.	To	identify	the	value	of	targeted	advertising,	Lewis	

and	 Reiley	 (2009)	 conducted	 a	 controlled	 experiment	 on	 1.5	 million	 individuals	 on	 the	

Yahoo!	Website.	Their	goal	is	to	measure	the	effectiveness	of	banner	ads	on	purchases	at	an	

offline	retailer.	They	matched	the	emails	and	postal	addresses	of	the	customers	in	a	large	

retailer’s	 database	 with	 Yahoo!	 User	 database	 and	 randomized	 advertising	 views.	 They	

found	marginally	significant	effects	of	online	advertising	on	offline	sales,	and	the	effects	are	

larger	when	the	ads	are	shown	to	an	appropriate	target	group.	

Search	engine	advertisements	are	ads	that	are	designed	to	match	the	content	of	the	

searches.	 For	 example,	 car	 manufacturers	 bought	 their	 advertisements	 on	 websites	 like	

cars.com.	Search	ads	also	tend	to	appear	next	to	the	organic	or	algorithmic	search	results	

on	search	engines	such	as	Google.com.	Search	ads	enable	advertisers	 to	 target	customers	

based	on	specific	keyword	strings.	Sponsored	search	advertising	(i.e.,	when	the	advertisers	

paid	 the	 search	 engines	 to	 display	 their	 advertisements	 alongside	 the	 organic	 search	

results)	contributes	to	a	large	portion	of	the	revenue	for	search	engines	(Goldfarb	2014).	

Furthermore,	Avi	 and	Tucker	 (2011)	have	 found	 that	 if	 the	 advertisements	 either	

match	 the	website	content	or	are	obtrusive	 to	 the	viewers,	but	not	at	 the	same	 time,	 the	

advertisements	 would	 likely	 increase	 consumer	 purchase	 intent.	 However,	 the	
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advertisements	that	both	match	the	website	content	and	are	obtrusive	would	less	do	worse	

at	increasing	purchase	intent.	The	failure	is	due	to	privacy	concerns.	

Hypothesis	Development	

Our	 background	 theory	 is	 based	 on	 persuasion	 as	 directed	 inference	 (Deighton	

1986).	Deighton	(1986)	presents	a	process	of	persuasion	in	which	the	advertising	message	

acts	to	direct	the	path	of	the	audience's	subsequent	inferences	from	evidence	that	bears	on	

the	 advertising	 message's	 claim.	 That	 means	 the	 information	 on	 the	 advertisement	

influence	 how	 consumers	 search,	 learn,	 and	 update	 their	 beliefs	 from	 their	 product	

searches.	Thus,	the	advertisements	indirectly	influence	purchase	intentions. 

Online	searches	tend	to	cause	consumers	to	be	overwhelmed	by	a	large	amount	of	

information.	 A	 function	 of	 an	 advertisement	 is	 to	 help	 consumers	 keep	 focusing	 and	 to	

prevent	cognitive	overload,	which	may	 lead	to	consumers'	 loss	of	 interest	 in	the	product.	

Advertisements	do	this	by	guiding	the	consumers	to	focus	on	the	specific	set	of	attributes	

of	 the	product.	Prior	studies	using	 laboratory	experiments	(e.g.,	Hoch	and	Ha	1986)	have	

shown	that	after	seeing	the	advertisements	of	a	product,	consumers’	search	becomes	more	

concentrated	on	the	advertised	attributes.		

We	focus	on	online	display	ads	that	are	characterized	by	consumers’	online	product	

searches	(e.g.,	webpage	content).	The	focal	type	of	advertising	in	this	chapter	is	retention	

advertising.	Examples	of	 content	on	 the	display	 retention	ads	 include	 the	key	 features	of	

the	vehicle	that	the	manufacturers	would	like	to	highlight	and	persuade	the	consumers	to	

pay	attention	for.	To	illustrate,	display	ads	may	state	that	the	vehicle	is	a	master	of	chic	and	
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technology.	Thus,	persuading	the	consumers	to	search	more	features	information	about	the	

vehicle	 on	 the	 ads.	 As	 the	 advertised	 claims	 are	 confirmed	 by	 the	 evidence	 obtained	

through	 learning,	 consumers’	 perceived	 value	 of	 the	 product	 is	 likely	 to	 increase,	 and	

therefore,	they	are	motivated	to	learn	more	about	the	product.	Retention	ads	may	include	

information	 relating	 to	 financial	 incentives,	which	 are	 likely	 to	 increase	 consumers’	 gain	

from	learning,	and	encourage	more	intensive	product	search.	

Therefore,	we	hypothesize	that	advertisements	of	the	product	being	considered	(i.e.,	

retention	advertising)	would	be	positively	associated	with	the	product	search	intensity.	

Hypothesis	1:	While	viewing	the	focal	product	webpages,	exposure	to	the	retention	

ad	of	 the	 same	product	 is	positively	 associated	with	a	 consumer’s	more	 intensive	 search	

(i.e.,	more	pages	viewed)	of	the	focal	product	in	the	search	session.	

Product	revisit	is	another	approach	that	consumers	used	for	reducing	search	costs	

when	they	need	to	process	a	large	amount	of	information	about	the	product	(Bronnenberg	

et	al	2016).	Product	revisits	allow	consumers	to	divide	the	information	gathering	process	

into	 multiple	 sessions	 so	 that	 the	 consumers	 can	 gain	 additional	 product	 attribute	

information	in	each	session.	

Overall,	 search	 for	 items	 in	 the	 same	 category	 is	 found	 to	 be	 relatively	 short.	 For	

example,	 Hortaçsu	 and	 Syverson	 (2004)	 infer	 consumers	 typically	 search	 for	 just	 one	

mutual	fund	company	before	purchasing	from	the	category.	De	los	Santos	et	al.	(2016)	and	

Koulayev	 (2014)	 explain	 that	 consumers	 revisit	 items	 that	 were	 searched	 previously	

because	 of	 learning	 or	 nonstationary	 search	 costs.	 Estimates	 of	 search	 costs	 are	
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commensurately	high.	For	example,	De	los	Santos	et	al.	(2016)	infer	the	median	search	cost	

to	be	nearly	$27.86	for	consumers	to	search	for	an	additional	page	of	results.	Additionally,	

Koulayev	 (2014)	 shows	 that	decreasing	 reservation	values,	 in	 the	presence	of	 increasing	

search	cost,	can	explain	consumers’	tendency	to	purchase	previously	visited	items.	Because	

retention	ads	highlight	the	product	attributes	that	the	brand	intends	to	lead	the	consumer	

to	focus	on	(i.e.,	help	lessening	search	costs	for	the	consumers),	retention	ads	would	likely	

to	lead	consumers	to	revisit	the	product	pages	to	learn	more	about	the	product	attributes.	

Product	revisit	suggests	that	there	is	a	reason	to	revisit	the	product	once	searched,	

i.e.,	 that	 the	 relevant	 information	 about	 a	 product	 is	 not	 necessarily	 acquired	 or	

remembered	 in	 full	 on	 the	 first	 visit	 (Bronnenberg	 et	 al.	 2016).	 Shopping	 for	 vehicles	

require	 substantial	 information	 processing	 because	 of	 the	 complexity	 of	 the	 vehicle	

attributes	 as	 well	 as	 the	 large	 amount	 of	 financial	 expenses	 associated	 with	 vehicle	

purchases.	Because	of	the	substantial	search	costs,	it	is	expected	that	consumers	will	only	

return	to	view	the	products	that	they	perceive	to	have	high	value	and	they	are	committed	

to	 spend	 their	 efforts	 on.	 Since	 retention	 ad	 exposure	 is	 expected	 to	 increase	 product	

search	intensity,	which	then	likely	to	increase	the	consumers’	perceived	expected	value	for	

the	product	as	they	learn	more	about	the	product,	we	hypothesize	that	the	exposure	to	the	

product’s	 retention	 advertisement	while	 browsing	 the	 same	product	 is	 likely	 to	 increase	

the	probability	of	returning	to	visit	the	product’s	webpage	later. 

Hypothesis	 2:	 Retention	 ad	 exposure	 is	 associated	 with	 a	 higher	 probability	 of	

revisiting	the	product	on	the	retention	ad.	
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3.3	Data	

Our	data	set	is	obtained	from	a	collaboration	with	a	major	automotive	website	in	the	

U.S.	The	website	 is	among	the	highest	traffic	automotive	websites	 in	the	U.S.	The	website	

allows	consumers	to	view	specific	vehicle	make,	model,	and	year.	The	consumers	can	then	

view	 prices	 (in	 terms	 of	 estimated	MSRP	 and	 average	 Price	 Paid),	 configure	 the	 vehicle	

options	and	packages,	view	photos,	vehicle	reviews,	inventory	(at	dealers	in	a	nearby	area,	

determined	by	zip	code,	and	at	specific	dealers),	specific	dealer	detailed	pages	(the	dealer’s	

address	and	phone	number,	operation	hours,	sales	rating	and	reviews,	service	rating,	and	

reviews).	To	get	a	dealer	quote	for	the	vehicle	of	interest,	the	consumers	can	then	submit	

their	 contact	 information,	 which	 are	 first	 name,	 last	 name,	 email	 address,	 and	 phone	

number,	to	the	selected	vehicle	sellers,	which	are	vehicle	dealerships.	

In	addition	to	the	consumer	clickstream	search	history	data,	we	also	obtained	data	

relating	 to	 the	online	advertisements	on	 the	website.	The	advertising	data	set	consists	of	

the	 date	 and	 time	 of	 the	 advertising	 impressions,	 the	 advertiser	 names	 (here,	 the	

advertisers	 of	 interest	 are	 the	 vehicle	 manufacturers),	 and	 the	 positions	 of	 the	

advertisements	on	the	webpages.	For	the	advertising	data,	we	focused	on	the	advertising	

impressions,	which	are	 the	 records	of	 all	 the	banner	advertisements	 that	were	 shown	 to	

the	 consumers	 while	 they	 are	 browsing	 for	 products	 on	 the	 website.	 Furthermore,	 we	

obtained	 lead	 data,	 which	 are	 the	 records	 of	 consumer	 lead	 submissions	 to	 the	 vehicle	

dealers.	Lead	data	contains	information	about	the	consumer,	the	vehicle,	and	the	dealer.	To	

illustrate,	 the	 lead	data	 table	contains:	consumer	 id,	 lead	 id,	vehicle	make,	vehicle	model,	

vehicle	model	year,	dealer	zip	code,	etc.	We	excluded	consumers	who	viewed	only	one	page	
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on	the	website.	These	consumers	are	often	referred	to	as	bouncers	(Bucklin	and	Sismeiro	

2003).	 These	 bouncers	 do	 not	 represent	 consumer	 website	 browsing	 behavior	 as	 it	 is	

found	that	bouncers	came	to	 the	website	by	mistakes	and	more	than	99%	of	 them	never	

navigated	to	the	website	again	(Bucklin	and	Sismeiro	2003).	

Our	 data	 set	 is	 unique	 in	 the	 following	 features:	 we	 can	 observe	 individual	

consumers’	activities	to	the	level	of	each	page	viewed,	the	types	of	 information	that	were	

presented	to	the	consumer	on	each	page	view,	including	the	type	of	advertisements	and	the	

advertisers,	the	time	spent	of	the	consumer	on	each	webpage	before	requesting	(clicking)	

to	view	a	different	webpage,	and	most	importantly,	the	sequence	of	the	webpages	that	the	

consumer	requested.	The	browsing	sequence	allows	us	to	observe	the	immediate	effect	of	

the	page	content	on	individual	consumer’s	browsing	behavior.	

The	 data	 sample	 is	 randomly	 selected	 subjected	 to	 the	 following	 restrictions.	We	

randomly	 selected	 consumers	 who	 started	 and	 ended	 their	 online	 activities	 on	 the	

automotive	website	 in	 the	year	2016.	Additionally,	 the	sample	 is	restricted	 to	consumers	

who	submitted	at	least	one	lead	for	the	vehicle	that	he	browsed	on	the	automotive	website.	

For	example,	a	consumer	who	browsed	for	Toyota	and	Honda	vehicles	may	submit	a	lead	

only	 for	 the	 Toyota	 vehicle.	 Note	 that	 we	 do	 not	 differentiate	 between	 consumers	 who	

submit	 one	 lead	 or	multiple	 leads	 for	 the	 same	 vehicle.	 Submitting	 lead	means	 that	 the	

consumers	 sent	 their	 personal	 contact	 information	 to	 the	 dealers.	 Since	 personal	

information	 is	 valuable,	 these	 lead-submitting	 consumers	 have	 shown	 their	 purchase	

intention	 to	 purchase	 the	 vehicle.	 Thus,	 lead	 submission	 is	 a	 proxy	 for	 representing	

consumers’	purchase	intentions.		
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In	 our	 empirical	 analysis,	 we	 restricted	 the	 sample	 to	 consumers	who	 conducted	

their	online	product	searches	by	using	a	desktop	platform	only.	Thus,	consumers	who	used	

a	mobile	platform	to	conducted	online	product	searches	are	removed	from	the	sample.	By	

restricting	to	desktop	platform	consumers,	we	can	control	the	layout	of	the	website	that	is	

seen	by	all	consumers	in	the	sample.	That	is,	all	consumers	in	the	sample	will	see	the	same	

advertisement	 positions	 on	 each	 webpage.	 Further,	 since	 we	 are	 considering	 the	

effectiveness	of	advertisements,	we	restricted	the	sample	to	the	consumers	who	browsed	

for	new	vehicles.	

Additionally,	the	sample	is	restricted	to	consumers	who	submitted	at	least	one	lead	

for	the	vehicle	that	he	browsed	on	the	automotive	website.	For	example,	a	consumer	who	

browsed	for	Toyota	and	Honda	vehicles	may	submit	a	lead	only	for	the	Toyota	vehicle.	Note	

that	we	do	not	differentiate	between	consumers	who	submit	one	lead	or	multiple	leads	for	

the	 same	 vehicle.	 Submitting	 lead	means	 that	 the	 consumers	 sent	 their	 personal	 contact	

information	 to	 the	 dealers.	 Since	 personal	 information	 is	 valuable,	 these	 lead-submitting	

consumers	 have	 shown	 their	 purchase	 intention	 to	 purchase	 the	 vehicle.	 Thus,	 lead	

submission	is	a	proxy	for	representing	consumers’	purchase	intentions.		

Table	14:	Descriptive	Statistics	Per	Consumer	

	
Total	Makes	Viewed	

per	Consumer	

Total	Models	Viewed	

per	Consumer	

Pages	Viewed	per	

Consumer	

Mean	 1.33	 1.49	 8.47	

Min	 1	 1	 3	

Max	 8	 17	 85	

Number	of	

consumers	
16,027	 16,027	 16,027	
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3.4	Identification	Strategy	

The	 identification	 strategy	 that	 we	 utilized	 for	 estimating	 the	 impact	 of	 display	

advertising	is	based	on	our	unique	dataset.	In	the	dataset,	we	also	observe	the	viewability	

of	 the	 display	 ad	 impressions.	 While	 most	 of	 previous	 academic	 research	 on	 display	

advertising	assumed	that	an	 impression	was	always	viewable	 to	 the	consumer	whenever	

the	ad	was	posted	on	 the	webpage,	digital	platforms	 report	 that,	 on	average,	55%	of	 the	

display	 ads	 are	 not	 rendered	 viewable	 (Hof	 2014,	 Ghose	 and	 Todri	 2016).	 Tracking	 the	

viewability	 of	 ad	 impressions	 significantly	 improves	 the	 accuracy	 of	 the	 ad	 data	 and	

mitigates	the	measurement	error	bias.	

By	 observing	 the	 impression	 viewability,	 the	 circumstances	 that	 affect	 the	

viewability	of	a	display	ad	impression	serve	as	an	exogenous	shock	to	the	firm’s	targeting	

and	simulate	a	quasi-experiment	by	creating	a	unique	sample	that	consists	of	two	groups	of	

consumers:	 those	 who	 viewed	 the	 display	 ad	 impression	 and	 those	 who	 did	 not.	 Both	

segments	are	targeted	by	the	same	marketing	campaign	fulfilling	certain	targeting	criteria,	

thus	 it	 is	 likely	 that	 the	 consumers	 in	 the	 sample	 are	 similar	 as	 they	meet	 the	 targeting	

criteria	 of	 the	 advertisers.	 Therefore,	 this	 helps	 in	 avoiding	 the	 self-selection	 and	 other	

treatment	selection	biases,	as	the	viewability	of	the	display	ad	mimics	the	exogeneity	of	a	

randomized	 experiment.	 The	 consumers	 in	 the	 sample	 are	 similar	 since	 they	 fulfill	 the	

same	targeting	criteria	and	do	not	exhibit	systematic	differences.	
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To	create	 the	matching	samples,	we	restricted	 the	sample	 to	 the	consumer	search	

sessions	where	 a	 retention	 ad	 impression	was	 served	on	 all	 pages	of	 the	 search	 session.	

The	treatment	group	refers	to	the	consumer	search	sessions	where	the	served	retention	ad	

impression	 was	 rendered	 viewable.	 The	 control	 group	 refers	 to	 the	 consumer	 search	

sessions	where	the	served	retention	ad	impression	was	not	rendered	viewable.	Therefore,	

we	utilize	the	display	ad	impression	viewability	as	an	exogenous	shock	to	the	advertiser’s	

targeting	 mechanism	 that	 simulates	 a	 quasi-experiment	 (Ghose	 and	 Todri	 2016).	 The	

quasi-experiment	allows	us	 to	compare	 the	online	product	 search	behavior	of	 those	who	

viewed	the	display	advertisements	and	those	who	did	not	view	the	display	advertisements	

while	 both	 groups	 are	 automatically	 targeted	 by	 the	 same	 marketing	 campaign	 of	 the	

advertisers.	

	

3.5	Empirical	models	and	results	

Product	Search	Intensity	Model	(Product	Viewing	Intensity)	

To	estimate	the	impact	of	advertising	on	the	intensity	of	product	viewing	(product	

search),	we	use	a	multi-level	ordered	probit	model	with	 random	coefficients.	The	 reason	

why	this	specific	empirical	model	is	chosen	is	that	the	dependent	variable,	product	viewing	

intensity,	 is	 an	 ordinal	 scale	 variable.	 That	 is,	 there	 is	 a	 clear	 ordering	 of	 the	 variable.	

Therefore,	 we	 model	 consumers’	 product	 viewing	 intensity	 using	 a	 multi-level	 Ordered	

Probit	model	with	 random	 coefficients.	 Search	 sessions	 of	 consumer	 i’s	 are	 organized	 in	

chronological	 order	 so	 that	 consumer	 i’s	 search	 session	 s	 refers	 to	 the	 sth	 product	 that	
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consumer	i	searched	on	the	website.	The	number	of	webpages	viewed	by	that	consumer	i	

on	car	j	in	search	session	s	is	determined	by	a	latent	variable	𝑦!"#∗ 	as	shown	below.	

	
𝑦!"#∗ = 𝛽%! + 𝛽&!𝑣𝑖𝑒𝑤𝑎𝑏𝑙𝑒_𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",# + 𝛽&𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,#

+ 𝛽(𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"# + 𝛽)*𝑧" + 𝜀!"#,	
	

where	 𝜀!"#	 is	 the	 error	 term	 and	 is	 assumed	 to	 be	 normally	 distributed	with	 zero	

mean	and	unit	variance.	𝑣𝑖𝑒𝑤𝑎𝑏𝑙𝑒_𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#	denotes	the	control	variable	for	retention	

ad	exposure.	𝑣𝑖𝑒𝑤𝑎𝑏𝑙𝑒_𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#	is	a	binary	variable.	If	consumer	i	is	exposed	to	car	j’s	

viewable	 retention	 ad	 in	 the	 s-th	 search	 session	 while	 viewing	 car	 j,	 the	 variable	

viewable_𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#	would	be	equal	to	1,	otherwise,	it	would	be	equal	to	0.	

Other	variables	that	may	have	effects	on	the	consumer	product	viewing	intensity	are	

also	controlled	 for	 in	 the	model.	To	control	 for	 the	stage	where	consumer	 i’s	was	during	

his/her	decision	journey	(Court	et	al.	2009),	i.e.,	the	conversion	funnel	(Mulpuru	2011),	at	

the	 s-th	 product	 viewing	 session,	we	 proxy	 consumer	 i’s	 progress	 through	 the	 purchase	

journey	by	a	variable	𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,#,	which	 is	 the	entropy	measured	by	the	number	of	

unique	vehicle	body	 types	 that	 the	 consumer	viewed	 in	 the	website	 session.	Further,	we	

control	for	the	amount	of	product	content	information	that	consumer	i	had	viewed	as	this	

value	 may	 affect	 the	 product	 viewing	 intensity.	 The	 variable	

𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"#	denotes	the	cumulative	number	of	pages	that	consumer	

i	has	viewed	on	car	j	before	search	session	s.	If	consumer	i	did	not	visit	vehicle	j	in	search	

session	 n,	 then	 𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"# = 0.	 Moreover,	 𝑧" 	 is	 a	 vector	 of	 car	
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characteristics	(e.g.,	vehicle	body	types	such	as	sedan	or	suv,	MSRP	price,	and	the	vehicle	

brand	popularity	as	measured	by	the	previous	year’s	market	share).	

	

Probability	of	Product	Revisit	Model	

Consumer	 i’s	 decision	 to	 revisit	 a	 vehicle	 is	 estimated	using	 a	mixed	Logit	model.	

The	 probability	 that	 consumer	 i	 would	 revisit	 vehicle	 j	 after	 having	 viewed	 vehicle	 j	 in	

search	session	s-th	is	modeled	below.	

𝑃!"#[𝑟𝑒𝑣 = 1|𝛼] =
𝐸𝑋𝑃E𝑔!"#[∙ |𝛼]G

𝐸𝑋𝑃E𝑔!"#[∙ |𝛼]G + 1
												

where		

𝑔!"#[∙ |𝛼] = 𝛼%! + 𝛼+!𝑣𝑖𝑒𝑤𝑎𝑏𝑙𝑒_𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",# + 𝛼&𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,# +

𝛼(𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"# + 𝛼)*𝑧" + 𝜖!#,	and	𝜖!#~𝑁(0, 𝜎,&).	

The	 impact	 of	 retention	 ad	 is	 captured	 by	 𝑣𝑖𝑒𝑤𝑎𝑏𝑙𝑒_𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#.	 Similar	 to	 the	

product	 viewing	 intensity	 model,	 we	 controlled	 for	 the	 proxy	 for	 consumer	 i’s	 stage	 of	

conversion	 funnel,	 𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,#,	 which	 is	 the	 entropy	 measured	 by	 the	 number	 of	

unique	 vehicle	 body	 types	 that	 the	 consumer	 viewed	 in	 the	 website	 session,	

𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"#,	 which	 denotes	 the	 cumulative	 number	 of	 pages	 that	

consumer	 i	 has	 viewed	on	 car	 j,	 and	 a	 vector	 of	 car	 characteristics,	𝑧" 	 (e.g.,	 vehicle	 body	
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types	such	as	sedan	or	suv,	MSRP	price,	and	the	vehicle	brand	popularity	as	measured	by	

the	previous	year’s	market	share).	

	

Empirical	Results	

According	 to	 the	 results	 presented	 in	 Table	 15,	 the	 coefficient	 of	 the	 variable	

‘viewable_retention’	 is	 positive	 and	 significant.	 This	 shows	 that	 exposure	 to	 retention	

advertisements	of	the	same	product	as	being	viewed	on	the	webpage	in	the	current	session	

is	significantly	associated	with	a	more	intensive	search	of	the	advertised	product	(i.e.,	the	

number	of	the	product	webpages	viewed	by	the	consumer	during	the	search	session	where	

the	 product’s	 retention	 ads	were	 shown	 is	 likely	 to	 be	 higher	 than	 the	 consumer	 search	

sessions	 where	 there	 is	 no	 retention	 ad	 shown	 while	 the	 consumers	 is	 viewing	 the	

product).	

	
Table	15:	Product	Search	Intensity	Results	

DV:	Number	of	pages	in	search	session	s	

(n_ssmmpage) Estimate Std.	Error z-value Pr(>|z|) 

mean.viewable_retention 0.2319*** 0.0215 10.797 <	2e-16 
entropy_wssid -0.9331*** 0.0418 -22.303 <	2e-16 

cumsumpages_before_ssidmm -0.0777*** 0.0082 -9.432 <	2e-16 
msrp_price_per1000 -0.0036*** 0.0008 -4.315 1.59E-05 

marketshare 0.1962 0.1770 1.108 0.2678 
Q1 0.0216 0.0230 0.937 0.3490 
Q2 -0.0338 0.0246 -1.375 0.1690 
Q3 0.0594*** 0.0225 2.64 0.0083 
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suv 0.037* 0.0183 2.02 0.0434 
truck -0.033 0.0319 -1.034 0.3012 
van 0.0513 0.0336 1.526 0.1271 

convertible -0.0801 0.1567 -0.511 0.6094 
coupe 0.1427* 0.0640 2.232 0.0256 

hatchback 0.0157 0.0348 0.452 0.6514 
mean.constant 0.87*** 0.0448 19.41 <	2e-16 

sd.constant.constant 0.8306*** 0.0569 14.605 <	2e-16 
sd.constant.viewable_retention -0.6878*** 0.0933 -7.369 1.73E-13 

sd.viewable_retention.viewable_retention 0.1124 0.1231 0.913 0.3611 
	
	

According	 to	 the	 results	 presented	 in	 Table	 16,	 the	 coefficient	 of	 the	 variable	

‘viewable_retention’	is	positive	and	significant.	This	supports	our	hypothesis	that	exposure	

to	 retention	advertisements	of	 the	product	 the	 current	 session	 is	 significantly	 associated	

with	a	higher	probability	of	revisiting	the	advertised	product	webpages	subsequently.	

	
Table	16:	Probability	of	Product	Revisit	Model	Results	

DV:	Has	revisit	after	search	session	s	

(HasRevisit_ssidmm) Estimate Std.	Error z-value Pr(>|z|) 

mean.viewable_retention 0.7043** 0.0215 10.797 <	2e-16 
entropy_wssid 2.0608*** 0.0418 -22.303 <	2e-16 

cumsumpages_before_ssidmm -0.2017*** 0.0082 -9.432 <	2e-16 
msrp_price_per1000 -0.004 0.0008 -4.315 1.59E-05 

marketshare -8.5406*** 0.1770 1.108 0.2678 
Q1 0.1834* 0.0230 0.937 0.3490 
Q2 0.1044 0.0246 -1.375 0.1690 
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Q3 0.223** 0.0225 2.64 0.0083 
suv 0.0146 0.0183 2.02 0.0434 
truck -0.4436** 0.0319 -1.034 0.3012 
van -0.2601* 0.0336 1.526 0.1271 

convertible -1.5006* 0.1567 -0.511 0.6094 
coupe -0.7403** 0.0640 2.232 0.0256 

hatchback -0.3519** 0.0348 0.452 0.6514 
mean.constant -1.8816*** 0.0448 19.41 <	2e-16 

sd.constant.constant 2.1946*** 0.0569 14.605 <	2e-16 
sd.constant.viewable_retention -2.754*** 0.0933 -7.369 1.73E-13 

sd.viewable_retention.viewable_retention -0.3219 0.1231 0.913 0.3611 
	

Robustness	Check	

To	 verify	 the	 consistency	 of	 our	 results,	 we	 conducted	 a	 series	 of	 robustness	

analyses	 for	 the	 product	 search	 intensity	 model	 and	 the	 product	 revisit	 model.	 In	 this	

section,	 we	 characterize	 our	 model	 in	 a	 fixed-effects	 model	 to	 capture	 the	 individual	

heterogeneity.	 Fixed	 effects	models	 are	widely	 used	 in	 econometric	 studies	 (e.g.,	 Allison	

2009,	Wooldridge	2010).	This	type	of	empirical	model	provides	a	simple	way	to	control	for	

unobserved	heterogeneity	and	is	therefore	popular	in	many	fields	including	social	sciences	

(Einav	 and	 Levin	 2014).	 In	 econometrics,	 fixed-effects	models	 are	 popular	 to	 control	 for	

unobserved	heterogeneity	in	data	sets	with	a	panel	structure.	In	non-linear	models,	this	is	

usually	 done	 by	 including	 a	 dummy	 variable	 for	 each	 level	 of	 a	 fixed-effects	 category.	

However,	Brute	force	estimation	of	this	type	of	model	can	quickly	become	infeasible	due	to	

computational	limitations	if	the	number	of	levels	and/or	fixed	effects	categories	increases	
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(Stammann	 2018).	 This	 problem	 is	 solved	 by	 providing	 a	 fast	 and	 memory-efficient	

algorithm	suggested	by	Stammann	(2018)	based	on	the	combination	of	the	Frisch-Waugh-

Lovell	theorem	and	the	method	of	alternating	projections.		

Product	Search	Intensity	Model	(Robustness	Check)	

For	the	product	search	intensity	model,	a	data	set	of	N	consumers,	S	search	sessions,	

and	J	vehicles,	the	predictor	of	our	fixed	effects	model	takes	the	following	form:	

𝑆𝑒𝑎𝑟𝑐ℎ	𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦!"# = 𝛼! + 𝛽𝑋!"# + γ𝐶" + ϵ!"#	,	

For	i	=	1,	2,…,	N,	j	=	1,	2,	…,	J,	and	s	=	1,	2,	…,	S	where	𝛼! 	is	the	fixed	effects	controlling	

for	 the	 unobserved	 heterogeneity	 of	 the	 consumers.	 Xijs	 contains	 the	 predictor	 variables	

(our	 predictor	 variable	 of	 interest	 is	 viewable_retention)	 with	 the	 parameters	𝛽.	 Cj	 is	 a	

vector	of	the	vehicle	attributes	(e.g.,	vehicle	body	types	such	as	sedan	or	SUV,	MSRP	price,	

and	the	vehicle	brand	popularity	as	measured	by	the	previous	year’s	market	share).		𝛼! 	is	

the	 fixed	effects	 controlling	 for	 the	unobserved	heterogeneity	of	 the	 consumers.	Because	

search	 intensity	 is	 the	 number	 of	 webpages	 viewed	 in	 a	 session,	 we	 estimate	 search	

intensity	by	using	a	Poisson	model.	
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Product	Revisit	Model	(Robustness	Check)	

For	 the	product	 revisit	model,	 a	data	 set	of	N	 consumers,	 S	 search	 sessions,	 and	 J	

vehicles,	the	predictor	of	our	fixed	effects	model	takes	the	following	form:	

𝑅𝑒𝑣𝑖𝑠𝑖𝑡!"# = 𝛼! + 𝛽𝑋!"# + γ𝐶" + ϵ!"#	,	

For	i	=	1,	2,…,	N,	j	=	1,	2,	…,	J,	and	s	=	1,	2,	…,	S	where	𝛼! 	is	the	fixed	effects	controlling	

for	 the	 unobserved	 heterogeneity	 of	 the	 consumers.	 Xijs	 contains	 the	 predictor	 variables	

(our	 predictor	 variable	 of	 interest	 is	 viewable_retention)	 with	 the	 parameters	𝛽.	 Cj	 is	 a	

vector	of	the	vehicle	attributes	(e.g.,	vehicle	body	types	such	as	sedan	or	SUV,	MSRP	price,	

and	the	vehicle	brand	popularity	as	measured	by	the	previous	year’s	market	share).		𝛼! 	is	

the	fixed	effects	controlling	for	the	unobserved	consumer	heterogeneity.	We	estimate	the	

probability	of	revisiting	the	same	product	subsequently	by	using	a	logit	model.	

	
Robustness	Check	Results	

Since	the	dependent	variable	of	the	search	intensity	model	is	the	number	of	pages	in	

the	search	session.	We	also	tried	estimating	the	model	by	using	a	Poisson	distribution.	The	

results	for	the	search	intensity	model	using	Poisson	distribution	are	presented	in	Table	17.	

We	can	see	that	the	coefficient	of	the	variable	viewable_retention	is	positive	and	significant,	

which	confirms	our	main	results	for	the	search	intensity	model.	
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Table	17:	Robustness	Analysis	for	Product	Search	Intensity	Model	

	
	Dependent	variable:		

number	of	page	views	in	the	search	session	
Estimate	 	 Std.	Error	 p-value	

viewable_retention	 0.46629	 ***	 0.03819	 <2E-16	

entropy_wssid	 -0.4149	 ***	 0.05717	 3.93E-13	

msrp_price_per1000	 -0.00574	 ***	 0.00144	 7.08E-05	

Q1	 0.09269	 	 0.18495	 0.6163	

Q2	 -0.01639	 	 0.17234	 0.9242	

Q3	 -0.00078	 	 0.16382	 0.9962	

suv	 0.02177	 	 0.03326	 0.5127	

truck	 -0.14672	 **	 0.07101	 0.0388	

van	 0.1096	 	 0.0669	 0.1014	

convertible	 0.37299	 *	 0.20619	 0.0705	

coupe	 -0.12757	 	 0.12224	 0.2967	

hatchback	 -0.00091	 	 0.05057	 0.9857	

	
	

The	 results	 for	 the	 product	 revisit	 model	 are	 presented	 in	 Table	 18.	 Our	 results	

remain	consistent	and	this	further	enhances	our	confidence	for	the	baseline	model	results;	

the	coefficient	of	the	variable	viewable_retention	is	positive	and	significant.	This	confirms	

our	 hypothesis	 that	 exposure	 to	 retention	 advertisements	 of	 the	 product	 the	 current	

session	 is	 significantly	 associated	 with	 a	 higher	 probability	 of	 revisiting	 the	 advertised	

product	webpages	subsequently.	

	
	
	
	
	



	

	
	

84 

Table	18:	Robustness	Analysis	for	Product	Revisit	Model	

	
Dependent	variable:	1	if	the	

consumer	revisited	the	vehicle,	

0	if	not	

Estimate	 		 Std.	Error	 p-value	

viewable_retention	 0.33654	 **	 0.16505	 0.0414	

entropy_wssid	 0.67923	 **	 0.26767	 0.0112	

msrp_price1000	 0.00572	 		 0.00712	 0.4214	

Q1	 10.6198	 ***	 1.79191	 3.09E-09	

Q2	 7.32663	 ***	 1.58762	 3.93E-06	

Q3	 3.71472	 **	 1.48425	 0.0123	

suv	 -0.37445	 **	 0.15734	 0.0173	

truck	 -0.31355	 		 0.41652	 0.4516	

van	 0.00949	 		 0.29891	 0.9747	

convertible	 -2.62434	 *	 1.48456	 0.0771	

coupe	 1.0076	 		 0.83721	 0.2288	

hatchback	 0.02106	 		 0.23269	 0.9279	

	
	

To	further	confirm	the	consistency	of	the	product	search	intensity	model	results,	we	

also	 estimated	 the	 product	 search	 intensity	 model	 by	 using	 survival	 analysis.	 The	

dependent	variable	is	changed	from	the	number	of	webpages	viewed	in	the	search	session	

to	 the	 time	 duration	 spent	 on	 the	 search	 session	 (in	minutes).	 The	 results	 are	 shown	 in	

Table	 19.	 Consistent	 with	 the	 main	 results,	 the	 coefficient	 of	 the	 variable	

viewable_retention	is	positive	and	significant.	
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Table	19:	Robustness	Analysis	for	the	Product	Search	Intensity	Model	Using	Survival	

Analysis	

	

Dependent	variable:	time	spent	on	

the	search	session	(minutes)	
Estimate	 		 Std.	Error	 p-value	

(Intercept)	 2.16128	 ***	 0.11877	 <2E-16	

viewable_retention	 0.10434	 *	 0.05606	 0.06271	

entropy_wssid	 -2.52767	 ***	 0.0997	 <2E-16	

msrp_price1000	 -0.00796	 ***	 0.00263	 0.0025	

marketshare	 0.35364	 		 0.56056	 0.52812	

suv	 0.01241	 		 0.0576	 0.82941	

truck	 0.12193	 		 0.09965	 0.22114	

van	 0.39985	 ***	 0.10638	 0.00017	

convertible	 -0.57055	 		 0.46699	 0.2218	

coupe	 0.25469	 		 0.19613	 0.19409	

hatchback	 0.28899	 ***	 0.10776	 0.00733	

Q1	 0.41813	 ***	 0.07302	 1.00E-08	

Q2	 0.27696	 ***	 0.07767	 0.00036	

Q3	 0.26687	 ***	 0.07172	 0.0002	

	
	

3.6	Conclusions	

Our	 findings	 reveal	 that	 the	 effectiveness	 of	 retention	 advertising	 on	 persuading	

consumers	 to	 consider	 more	 information	 about	 the	 advertised	 product.	 Exposing	 to	

retention	ads	of	the	product	when	consumers	are	already	viewing	the	product	is	effective	

in	motivating	more	intensive	searches	and	in	encouraging	revisit	of	the	product	info	page.	

For	the	next	chapter,	we	will	consider	a	different	type	of	advertising	strategy.	



	

	
	

86 

3.7	References	

Acquisti,	A.,	Brandimarte,	L.	and	Loewenstein,	G.,	2015.	Privacy	and	human	behavior	in	the	

age	of	information.	Science,	347(6221),	pp.509-514.	

Agarwal,	 A.,	 and	 Mukhopadhyay,	 T.,	 2016.	 The	 Impact	 of	 Competing	 Ads	 on	 Click	

Performance	in	Sponsored	Search.	Information	Systems	Research	27(3):538-557.	

Aziz,	A.,	and	Telang,	R.,	2016.	What	is	a	Digital	Cookie	Worth?.	Available	at	SSRN	2757325.	

Bleier,	A.,	Goldfarb,	A.	and	Tuckerc,	C.,	2020.	Consumer	privacy	and	the	future	of	data-based	

innovation	and	marketing.	International	Journal	of	Research	in	Marketing.	

Bronnenberg,	B.J.,	Kim,	J.B.	and	Mela,	C.F.,	2016.	Zooming	in	on	choice:	How	do	consumers	

search	for	cameras	online?.	Marketing	Science,	35(5),	pp.693-712.	

Bucklin,	R.E.	and	Sismeiro,	C.,	2009.	Click	here	for	Internet	insight:	Advances	in	clickstream	

data	analysis	in	marketing.	Journal	of	Interactive	marketing,	23(1),	pp.35-48.	

Choi,	H.,	Mela,	C.F.,	Balseiro,	S.R.	and	Leary,	A.,	2020.	Online	display	advertising	markets:	A	

literature	review	and	future	directions.	Information	Systems	Research.	

Clark,	T.	G.,	Bradburn,	M.	J.,	Love,	S.	B.,	&	Altman,	D.	G.	(2003).	Survival	analysis	part	I:	basic	

concepts	and	first	analyses.	British	journal	of	cancer,	89(2),	232–238.		



	

	
	

87 

Court,	D.,	Elzinga,	D.,	Mulder,	S.,	&	Vetvik,	O.	J.	(2009).	The	consumer	decision	journey.	The	

McKinsey	Quarterly	(June).	

Datta,	 G.	 and	 Zalewski,	 G.,	 Sony	 Interactive	 Entertainment	 America	 LLC,	 2007.	 Targeted	

advertising.	U.S.	Patent	Application	11/240,655.	

Deighton,	 J.,	 1984.	 The	 interaction	 of	 advertising	 and	 evidence.	 Journal	 of	 Consumer	

Research,	11(3),	pp.763-770.	

Deighton,	J.,	1986.	Persuasion	as	directed	inference.	ACR	North	American	Advances.	

Drèze,	X.	 and	Hussherr,	F.X.,	2003.	 Internet	advertising:	 Is	 anybody	watching?.	 Journal	of	

interactive	marketing,	17(4),	pp.8-23.	

Ghose,	A.	and	Yang,	S.,	2009.	An	empirical	analysis	of	search	engine	advertising:	Sponsored	

search	in	electronic	markets.	Management	science,	55(10),	pp.1605-1622.	

Ghose,	A.	and	Todri,	V.,	2015.	Towards	a	digital	attribution	model:	Measuring	the	impact	of	

display	advertising	on	online	consumer	behavior.	Available	at	SSRN	2672090.	

Ghose,	 A.,	 Goldfarb,	 A.	 and	Han,	 S.P.,	 2013.	 How	 is	 the	mobile	 Internet	 different?	 Search	

costs	and	local	activities.	Information	Systems	Research,	24(3),	pp.613-631.	

Goldfarb,	A.	and	Tucker,	C.,	2008.	Search	engine	advertising:	Pricing	ads	to	context.	



	

	
	

88 

Goldfarb,	A.	 and	Tucker,	C.,	 2011.	Advertising	bans	and	 the	 substitutability	of	online	and	

offline	advertising.	Journal	of	Marketing	Research,	48(2),	pp.207-227.	

Goldfarb,	 A.	 and	 Tucker,	 C.,	 2011.	 Search	 engine	 advertising:	 Channel	 substitution	when	

pricing	ads	to	context.	Management	Science,	57(3),	pp.458-470.	

Goldfarb,	 A.	 and	 Tucker,	 C.,	 2011.	 Standardization,	 standards	 and	 online	 advertising.	

Standards	and	Online	Advertising,	486971.	

Goldfarb,	 A.	 and	 Tucker,	 C.,	 2011.	 Substitution	 between	 offline	 and	 online	 advertising	

markets.	Journal	of	Competition	Law	and	Economics,	7(1),	pp.37-44.	

Goldfarb,	 A.	 and	 Tucker,	 C.,	 2012.	 Privacy	 and	 innovation.	 Innovation	 policy	 and	 the	

economy,	12(1),	pp.65-90.	

Goldfarb,	A.	and	Tucker,	C.E.,	2011.	Privacy	regulation	and	online	advertising.	Management	

science,	57(1),	pp.57-71.	

Goldfarb,	A.,	and	Tucker,	C.,	2011.	Online	display	advertising:	Targeting	and	obtrusiveness.	

Marketing	Science,	30(3),	pp.389-404.	

Goldfarb,	A.	 and	Tucker,	C.E.,	 2011.	Online	advertising,	behavioral	 targeting,	 and	privacy.	

Communications	of	the	ACM,	54(5),	pp.25-27.	

Goldfarb,	A.	and	Tucker,	C.,	2012.	Shifts	 in	privacy	concerns.	American	Economic	Review,	

102(3),	pp.349-53.	



	

	
	

89 

Goldfarb,	 A.,	 2014.	 What	 is	 different	 about	 online	 advertising?.	 Review	 of	 Industrial	

Organization,	44(2),	pp.115-129.	

Hoban,	P.R.	and	Bucklin,	R.E.,	2015.	Effects	of	internet	display	advertising	in	the	purchase	

funnel:	 Model-based	 insights	 from	 a	 randomized	 field	 experiment.	 Journal	 of	 Marketing	

Research,	52(3),	pp.375-393.	

Hoch,	S.J.	and	Ha,	Y.W.,	1986.	Consumer	learning:	Advertising	and	the	ambiguity	of	product	

experience.	Journal	of	consumer	research,	13(2),	pp.221-233.	

Hof,	 R.	 2014.	 “Digital	 Ad	 Fraud	 Is	 Improving—But	 Many	 Ads	 Still	 Aren’t	 Seen	 by	 Real	

People,”	Forbes/Tech.	

Hortaçsu	A,	Syverson	C	(2004)	Product	differentiation,	search	costs,	and	competition	in	the	

mutual	fund	industry:	A	case	study	of	S&P	500	index	funds.	Quart.	J.	Econom.	119(2):403-

456.	

Iyer,	G.,	 Soberman,	D.	 and	Villas-Boas,	 J.M.,	 2005.	The	 targeting	of	 advertising.	Marketing	

Science,	24(3),	pp.461-476.	

Kannan,	 P.K.,	 2017.	 Digital	 marketing:	 A	 framework,	 review	 and	 research	 agenda.	

International	Journal	of	Research	in	Marketing,	34(1),	pp.22-45.	

Knowlson,	K.,	Intel	Corp,	2003.	Targeted	advertising.	U.S.	Patent	Application	10/011,953.	



	

	
	

90 

Lambrecht,	A.	and	Tucker,	C.,	2013.	When	does	retargeting	work?	Information	specificity	in	

online	advertising.	Journal	of	Marketing	research,	50(5),	pp.561-576.	

Lewis	 RA,	Wong	 J	 (2018)	 Incrementality	 bidding	&	 attribution.	 SSRN	 3129350.	Working	

paper,	Nanigans,	Mountain	View,	CA.	

Manchanda,	 P.,	 Dubé,	 J.P.,	 Goh,	 K.Y.	 and	 Chintagunta,	 P.K.,	 2006.	 The	 effect	 of	 banner	

advertising	on	internet	purchasing.	Journal	of	Marketing	Research,	43(1),	pp.98-108.	

Moorthy,	S.,	Ratchford,	B.T.	and	Talukdar,	D.,	1997.	Consumer	information	search	revisited:	

Theory	and	empirical	analysis.	Journal	of	consumer	research,	23(4),	pp.263-277.	

Rutz,	 O.J.	 and	 Bucklin,	 R.E.,	 2012.	 Does	 banner	 advertising	 affect	 browsing	 for	 brands?	

clickstream	choice	model	says	yes,	for	some.	Quantitative	Marketing	and	Economics,	10(2),	

pp.231-257.Ghose	and	Todri	(2016)	

Sudip	 Bhattacharjee,	 Ram	 D.	 Gopal,	 Kaveepan	 Lertwachara,	 James	 R.	 Marsden,	 Rahul	

Telang,	 	 (2007)	 The	 Effect	 of	 Digital	 Sharing	 Technologies	 on	Music	Markets:	 A	 Survival	

Analysis	of	Albums	on	Ranking	Charts.	Management	Science53(9):1359-1374.		

Thukral,	 V.,	 Microsoft	 Corp,	 2010.	 Television	 system	 targeted	 advertising.	 U.S.	 Patent	

7,703,114.	

Todri,	 V.,	 Ghose,	 A.	 and	 Singh,	 P.V.,	 2020.	 Trade-Offs	 in	 Online	 Advertising:	 Advertising	

Effectiveness	and	Annoyance	Dynamics	Across	the	Purchase	Funnel.	 Information	Systems	

Research,	31(1),	pp.102-125.	



	

	
	

91 

Tucker,	C.E.,	2014.	Social	networks,	personalized	advertising,	and	privacy	controls.	Journal	

of	marketing	research,	51(5),	pp.546-562.	

Vakratsas,	 D.	 and	 Ambler,	 T.,	 1999.	 How	 advertising	 works:	 what	 do	 we	 really	 know?.	

Journal	of	marketing,	63(1),	pp.26-43.	

Xu,	 L.,	 Duan,	 J.A.	 and	 Whinston,	 A.,	 2014.	 Path	 to	 purchase:	 A	 mutually	 exciting	 point	

process	model	for	online	advertising	and	conversion.	Management	Science,	60(6),	pp.1392-

1412.	

Zhang,	K.	 and	Katona,	Z.,	 2012.	Contextual	 advertising.	Marketing	Science,	31(6),	pp.980-

994.	

	 	



	

	
	

92 

CHAPTER	 4.	 Consumer	 Online	 Search	 Behavior	

After	Exposure	to	Conquest	Ads	

Abstract	

	

The	objective	of	this	chapter	is	to	understand	the	search	behavior	of	the	consumers	

who	 are	 newly	 attracted	 by	 the	 conquest	 advertisements,	 which	 are	 the	 ads	 that	 are	

displayed	 to	 consumers	 while	 they	 are	 browsing	 competing	 products.	 Specifically,	 how	

these	 consumers’	 search	and	 learning	behavior	would	 compare	with	 consumers	who	are	

intrinsically	 interested	 in	 the	 same	 product	without	 being	 exposed	 to	 its	 advertisement.	

Existing	 literature	 has	 shown	 that	 a	 consumer	who	 is	 exposed	 to	 an	 advertisement	 of	 a	

competing	 product	 is	 more	 likely	 to	 view	 the	 advertised	 product	 subsequently	 than	

without	the	ad	exposure	(e.g.,	Rutz	and	Bucklin	2012).	Nonetheless,	the	remaining	research	

question	 is	 to	 understand	 the	 search	 behavior	 of	 these	 newly	 attracted	 consumers,	

especially	how	would	they	learn	about	the	product	on	the	conquest	ad	in	comparison	to	the	

consumers	who	viewed	the	same	product	without	being	presented	the	product’s	conquest	

advertisement.	

The	use	of	online	display	advertising	is	expected	to	grow	due	to	the	development	of	

new	 technologies.	 Many	 researchers	 have	 invested	 their	 effort	 in	 understanding	 of	

consumer’s	behavior	after	being	exposed	 to	a	 competing	product’s	ads,	 and	realized	 that	

the	 consumer	 is	more	 likely	 to	 search	 the	advertised	product	 subsequently	 than	without	
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the	ad	exposure.	Moving	forward	from	their	prior	studies,	this	chapter	leverages	data	from	

a	large	U.S.	automotive	website	and	discusses	how	a	newly	acquired	customer	would	learn	

about	the	product	of	a	competing	ad	during	the	search,	and	then	compares	the	consumer’s	

learning	 behavior	 with	 that	 of	 consumers	 who	 are	 inherently	 interested	 in	 the	 sample	

product	without	the	ad	exposure.	

	

4.1	Introduction	

This	 chapter	 focuses	 on	 addressing	 the	 research	 question	 of	 understanding	 the	

search	 behavior	 of	 the	 consumers	 who	 are	 newly	 attracted	 by	 the	 conquest	

advertisements,	which	are	the	ads	that	are	displayed	to	consumers	while	they	are	browsing	

competing	 products	 (e.g.,	when	 a	Honda	 conquest	 ad	 is	 displayed	 to	 a	 consumer	who	 is	

browsing	a	Toyota	product).	Precisely,	we	seek	to	understand	how	these	newly	attracted	

consumers	 would	 learn	 about	 the	 product	 on	 the	 conquest	 ad	 in	 comparison	 to	 the	

consumers	 who	 are	 intrinsically	 interested	 and	 search	 the	 same	 product	 without	 being	

exposed	 to	 the	 product’s	 conquest	 advertisement.	 Existing	 research	 has	 shown	 that	 a	

consumer	who	 is	 exposed	 to	 an	 advertisement	 of	 a	 competing	 product	 is	more	 likely	 to	

view	 the	 advertised	 product	 subsequently	 than	 without	 the	 ad	 exposure	 (e.g.,	 Rutz	 and	

Bucklin	 2012).	 However,	 how	 the	 newly	 acquired	 customer	 would	 learn	 about	 the	

advertised	product	during	the	search	remains	unclear.	

Despite	 the	 enthusiasm	 generated	 by	 online	 display	 advertising,	 the	 behavioral	

consumer	responses	after	being	attracted	by	the	ads	remains	elusive.	Probably	due	to	the	
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unique	nature	 of	 the	data	 required	 to	 study	 contextual	 advertising	 in	 real	 settings,	 prior	

research	has	mainly	relied	on	experimental	designs	to	study	its	effects	on	measures	such	as	

click-through	 rate	 (CTR)	 and	 cost	 per	 acquisition	 (CPA).	However,	 these	 standard	online	

advertising	metrics	 interfere	with	attribution	problems	and	do	not	account	 for	consumer	

behavioral	 dynamics.	 This	 can	 lead	 firms	 to	 overspend	 on	 some	 actions	 and	 thus	waste	

money	or	underspend	in	others	(Kireyev	et	al.	2016).		

The	 aim	 of	 our	 research	 in	 this	 chapter	 is	 to	 study	 the	 impact	 of	 conquest	

advertising	 on	 behavioral	 consumer	 responses	 after	 being	 exposed	 to	 the	 conquest	 ad,	

focusing	our	attention	on	consumer	online	product	search	 intensity.	To	achieve	this	goal,	

we	use	a	unique	clickstream	data	set	obtained	from	a	large	automotive	website	in	the	U.S.,	

the	dataset	provides	a	unique	opportunity	to	study	consumers’	online	search	behavior	after	

being	exposed	to	the	ads.	To	identify	a	conquest	ad,	I	compared	the	advertised	product	(i.e.,	

vehicle	brand	on	the	ad)	with	the	product	shown	on	the	webpage	where	the	ad	was	placed.	

If	the	brand	of	the	advertised	product	is	different	from	the	brand	of	the	product	shown	on	

the	webpage,	the	ad	is	identified	as	a	conquest	ad.	

Extant	 research	 on	 display	 advertising	 has	 mainly	 focused	 on	 determining	 the	

impact	 of	 advertising	 on	 specific	 marketing	 metrics	 (e.g.,	 CTR,	 CPA)	 rather	 than	 actual	

behavior.	 Furthermore,	 prior	 research	 has	 found	 contradictory	 evidence	 regarding	 the	

effectiveness	 of	 online	display	 advertising.	 Some	 studies	 argue	 that	 ads	 are	 less	 likely	 to	

capture	consumers'	attention	(e.g.,	Furnham	et	al.,	2002,	Dahlen	et	al.,	2008),	while	others	

state	 otherwise	 (e.g.,	Moore	 et	 al.,	 2005,	 Shamdasani	 et	 al.,	 2001,	 Yaveroglu	 and	Donthu,	

2008).	 To	 our	 knowledge,	 no	 prior	 empirical	 study	 has	 assessed	 consumer	 actual	
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behavioral	responses	after	being	exposed	to	online	display	ads,	which	are	useful	measures	

for	managers.	

Moreover,	due	to	methodological	limitations	that	are	common	in	experimental	and	

survey-based	 research,	 prior	 studies	 have	 been	 unable	 to	 study	 the	 consumers’	 search	

behavior	after	being	exposed	to	the	advertisement.	Therefore,	our	main	contribution	is	to	

complement	 prior	 research	 by	 studying	 the	 consequences	 of	 conquest	 advertising	 on	

consumers'	actual	online	search	behavior	after	being	exposed	to	the	ad.	

In	the	previous	chapters,	we	had	explored	the	patterns	of	website	consumers	who	

expressed	 deep	 vs.	 broad	 attention	 to	 the	 considering	 products.	 Furthermore,	 we	 have	

found	 that	 retention	 advertisements	 are	 significantly	 associated	 with	 product	 search	

intensity	 and	 the	 probability	 to	 revisit	 the	 product	 webpages.	 In	 this	 chapter,	 we	

investigated	 the	 broader	 scope	 of	 the	 impact	 of	 online	 advertising	 on	 consumer	 online	

search	 behavior.	 In	 addition	 to	 focusing	 on	 the	 impact	 of	 retention	 advertising,	 we	 also	

explored	 the	 online	 behavior	 of	 consumers	 after	 being	 exposed	 to	 conquest	

advertisements.	

From	 a	 managerial	 perspective,	 our	 research	 suggests	 that	 it	 is	 necessary	 for	

advertisers	 to	 evaluate	 the	 effectiveness	 of	 their	 conquest	 advertising	 efforts	 by	

considering	 their	 effects	 on	 consumers’	 online	 search	 behavior	 after	 being	 exposed	 to	

rather	 than	 just	 to	 understand	 the	 impact	 of	 conquest	 ads.	 Failing	 to	 gain	 this	 insightful	

understanding	may	result	in	ineffective	advertising	allocation	policies.	
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4.2	Literature	Review	and	Theoretical	Background	

The	effectiveness	of	advertising	

The	pervasiveness	of	digital	advertising	and	advancement	in	advertising	technology	

has	enhanced	the	ability	to	determine	the	effectiveness	of	specific	advertising	channels	in	

stimulating	 customers’	 actions	 more	 accurately.	 However,	 there	 still	 exist	 challenges	 in	

identifying	the	different	effects	and	the	true	effectiveness	of	each	advertisement.	

Early	studies	on	 the	purposes	of	advertising	mainly	concentrate	on	 justifying	how	

advertising	 affects	 the	 consumers’	 information	 set.	 Advertising	 can	 directly	 convey	

information	on	products’	 existence	and	attributes.	 For	 this	 stream	of	 studies,	 advertising	

content	is	informative	(Butters,	1977;	Grossman	and	Shapiro,	1984;	Anderson	and	Renault,	

2005).	Another	stream	of	studies	states	that	advertising	can	signal	product	quality	(Nelson,	

1974;	 Kihlstrom	 and	 Riordan,	 1984;	 Milgrom	 and	 Roberts,	 1986).	 This	 second	 stream	

ignores	the	contents	of	 the	advertisements	and	assumes	that	consumers	make	 inferences	

about	product	attributes	from	firms’	actions	(for	example,	the	intensity	of	advertising).	The	

focus	 of	 the	 advertising’s	 direct	 informative	 effect	 is	 on	 resolving	 uncertainty	 about	

horizontal	 product	 attributes,	 whereas	 the	 advertising’s	 indirect	 signaling	 effect	 is	

concerned	with	a	product’s	vertical	attribute	(i.e.,	quality).	

A	 stream	 of	 research	 relating	 to	 assessing	 the	 effectiveness	 of	 advertisement	 has	

moved	beyond	using	the	click-through-rate	(CTR)	as	a	proxy	since	CTR	shows	decreasing	
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performance	overtime	(Rutz	and	Bucklin	2012;	Lewis	and	Reiley	2014;	Manchanda	et	al.	

2006).	

Ghose	and	Todri	(2016)		Found	that	exposure	to	display	ads	significantly	increases	

customers’	propensity	to	search	for	the	brand	and	the	product;	it	encourages	customers	to	

conduct	both	active	 search,	which	 is	 to	actively	put	effort	 to	 search	 for	 information	 (e.g.,	

customers	are	up	to	25.7%	more	likely	to	initiate	a	search	through	a	search	engine	as	well	

as	to	click	on	the	brand-related	search	engine	session,	and	36.07%	more	likely	to	visit	the	

advertiser’s	website	directly)	and	passive	search	 (e.g.,	 customers	are	up	 to	28.46%	more	

likely	to	click	on	a	future	display	advertisement).	

Moreover,	the	longer	the	exposure	to	display	ads,	the	more	likely	the	customers	are	

to	 engage	 in	 direct	 search	 (direct	 visits),	 rather	 than	 indirect	 search	 (search	 engine	

inquiries).	 Exposure	 to	 display	 ads	 also	 increases	 customers’	 propensity	 to	 make	 a	

purchase.	

The	authors	use	individual-level	browsing	data	with	two	unique	features:	The	data	

set	contains	information	about	the	actual	viewability	of	the	impressions	and	the	duration	of	

exposure	 to	 the	 display	 advertisements.	 They	 conduct	 a	 quasi-experiment	 by	 using	

difference-in-differences	 together	 with	 matching	 methods,	 and	 instrument	 variable	

techniques	 to	 control	 for	 both	 observable	 and	unobservable	 cofounders.	With	 the	 quasi-

experiment,	they	were	able	to	compare	the	behavior	of	two	groups	of	customers	who	were	

targeted	by	the	same	marketing	campaign.	The	two	groups	are	the	customers	who	view	the	

display	 ads	 and	 the	 customers	 who	 do	 not	 view	 the	 display	 ads.	 Their	 study	 is	



	

	
	

98 

differentiated	 from	 existing	 research	 because	 they	 examine	 the	 impact	 of	 display	

advertising	exposures	on	different	behaviors	of	customers:	the	likelihood	to	conduct	active	

searches	 (actively	 put	 effort	 to	 search	 for	 information),	 likelihood	 to	 conduct	 passive	

searches	(respond	to	information	that	was	served	exogenously	to	them),	and	likelihood	to	

increase	 customers’	 propensity	 to	make	 the	 online	purchase.	 Finally,	 they	 also	 study	 the	

effects	 of	 different	 types	 of	 display	 advertising	 (e.g.,	 prospecting,	 retargeting,	 affiliate	

targeting,	video	advertising,	etc.).	

Rutz	and	Bucklin	(2012)	use	 individual-level	clickstream	data	 from	an	automotive	

website	to	study	the	impact	of	display	advertisements	on	customers’	choices	of	pages	they	

view	 within	 the	 same	 website.	 They	 found	 that	 advertisements	 served	 in	 the	 same	

browsing	 session	 affect	 customers’	 choices	 of	 subsequent	 brand-specific	 page	 views,	

however,	this	effect	was	not	found	for	the	advertisements	served	in	previous	sessions.	The	

study	converts	the	individual-level	browsing	data	into	the	timing	sequence	of	brand-page	

choices	and	utilizes	a	multinomial	 logit	choice	model	for	a	customer’s	sequence	of	brand-

related	 pages	 by	 using	 the	 choice	 utility	 model.	 Then,	 they	 estimate	 the	 model	 using	 a	

Bayesian	mixture	 approach	 to	 deal	 with	 the	multimodal	 distribution-related	 problem	 of	

continuous	heterogeneity	models.	

A	study	has	found	that	advertisement	clicks	may	not	result	in	immediate	purchases,	

but	they	may	stimulate	subsequent	advertisement	clicks,	which	later	lead	to	purchases	(Xu	

et	 al.	 2014).	 The	 authors	 capture	 the	 exciting	 effects	 among	 advertisement	 clicks	 to	

properly	 evaluate	 the	 effectiveness	 of	 online	 advertisements	 by	 using	 individual-level	

clickstream	data.	They	develop	a	model	based	on	a	mutually	exciting	point	process	model,	
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which	 considers	 each	 point	 of	 the	 advertisement	 clicks	 and	 purchases	 as	 dependent	

random	 events.	 They	 found	 that	 although	 display	 advertisements	may	 have	 a	 low	direct	

effect	in	generating	conversion,	they	are	likely	to	stimulate	subsequent	visits	through	other	

advertisements.	The	study	is	based	on	prior	studies	on	processing	fluency	that	show	that	

prior	 exposures	 to	 advertising	 can	 enhance	 both	 perceptual	 and	 conceptual	 fluency.	

Perceptual	 fluency	 refers	 to	 the	 ease	 that	 consumers	 can	 identify	 a	 target	 stimulus	 on	

subsequent	encounters	and	involves	the	processing	of	physical	features	(such	as	shape	and	

color),	whereas	conceptual	fluency	refers	to	the	ease	that	the	target	comes	to	consumers’	

minds	subsequently	and	involves	the	processing	of	meanings	(e.g.,	Jacoby	and	Dallas	1981,	

Shapiro	1999).	Moreover,	prior	ad	exposure	increases	the	probability	of	consideration-set	

membership	of	the	advertised	product	(e.g.,	Shapiro	et	al.	1997),	which	makes	consumers	

more	willing	 to	 consult	 ads	 that	 they	would	 otherwise	 have	 ignored	 (Engel	 et	 al.	 1995).	

Jeziorski	and	Segal	(2012)	study	search	engine	profit	and	advertisements.	They	found	that	

the	clickthrough	rate,	which	they	use	as	a	proxy	for	the	profit	of	the	search	engine,	depends	

on	which	ads	are	shown	in	the	other	positions.	For	example,	when	certain	competitors'	ads	

are	below	or	above	the	focused	ad.	

Later	 in	 this	 chapter,	 the	 empirical	 analysis	 also	 includes	 the	 viewability	

measurement	 of	 digital	 advertising,	 which	 has	 been	 gaining	 more	 attention	 in	 the	

literature.	 The	 viewability	 measurement	 guidelines	 are	 defined	 by	 the	 Interactive	

Advertising	Bureau	(IAB)	and	Media	Rating	Council	(MRC).	As	the	viewability	of	the	display	

advertisements	 mimics	 the	 exogeneity	 of	 a	 randomized	 experiment,	 only	 some	 of	 the	

customers	who	are	targeted	through	the	campaigns	are	“treated”	(i.e.,	 their	 impression	is	
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viewable.)	The	treatment	and	control	groups	are	similar	as	they	fulfill	 the	same	targeting	

criteria	and	do	not	exhibit	systematic	differences	(Ghose	and	Todri	2016).	

Hypothesis	Development	

For	our	 empirical	 analysis,	 a	 search	 session	 is	 defined	 as	 a	 continuous	number	of	

webpages	 that	 are	 browsed	on	 one	product	 (e.g.,	 a	 vehicle)	 by	 a	 consumer.	 Thus,	 a	 new	

search	session	starts	when	the	consumer	switches	to	browse	a	different	product.	A	revisit	

is	 defined	 as	 a	 new	 search	 session	 where	 the	 consumer	 switches	 back	 to	 browse	 the	

product	that	he	had	browsed	previously.	We	are	interested	in	the	following	characteristics	

of	consumer	online	search	behavior:	product	viewing	intensity,	and	product	revisit.	

Product	 viewing	 intensity	 is	 measured	 by	 the	 number	 of	 continuous	 webpages	

browsed	for	one	product.	Product	viewing	intensity	represents	the	amount	of	effort	that	a	

consumer	 is	 willing	 to	 spend	 on	 learning	 about	 the	 product.	 Further,	 we	 distinguish	

between	 three	 types	 of	 webpage	 content	 into	 three	 features:	 search	 feature,	 experience	

feature,	 and	 transaction	 feature.	 A	 webpage	 is	 categorized	 as	 a	 search	 feature	 when	 it	

contains	objective	information	about	the	product,	for	example,	a	vehicle	engine	power	and	

pricing	 options.	 A	 webpage	 is	 categorized	 as	 an	 experience	 feature	 when	 it	 contains	

subjective	 information	 about	 the	 product,	 for	 example,	 vehicle	 photos,	 videos,	 and	

consumer	 reviews.	 A	 webpage	 is	 categorized	 as	 a	 transaction	 feature	 when	 it	 contains	

information	 relating	 to	 purchases,	 for	 example,	 dealer	 information,	 inventory,	 and	

incentives.	
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Product	revisit	is	measured	by	whether	the	consumer	switches	back	to	browse	for	

the	 product	 he	 had	 viewed	 previously.	 These	 revisits	 suggest	 that	 there	 is	 a	 reason	 to	

revisit	 options	 once	 searched,	 i.e.,	 that	 the	 relevant	 information	 about	 a	 product	 is	 not	

necessarily	 acquired	 or	 remembered	 in	 full	 on	 the	 first	 visit	 (Bronnenberg	 et	 al.	 2016).	

Furthermore,	 the	 choice	 probability	 increases	 monotonically	 in	 the	 number	 of	 revisits.	

Thus,	 consumers	 tend	 to	 ultimately	 purchase	 the	 products	 they	 view	 frequently	

(Bronnenberg	et	al.	2016).	

Furthermore,	 for	 this	 chapter,	 we	 focus	 on	 a	 specific	 online	 display	 advertising	

strategy,	 that	 is	 called	 “conquest	 advertising”,	 which	 contains	 information	 about	 a	

competitor’s	 product.	 The	 main	 function	 of	 the	 conquest	 advertising	 is	 to	 acquire	

consumers	who	are	interested	in	competing	products.	The	approach	is	to	display	conquest	

advertisements	 to	 consumers	 who	 are	 browsing	 competitors’	 products.	 For	 example,	

Toyota	 may	 display	 its	 conquest	 ads	 on	 a	 Honda	 webpage.	 That	 is,	 the	 goal	 of	 Toyota	

conquest	ads	is	to	attract	consumers	who	are	interested	in	a	Honda	vehicle,	and	otherwise	

may	 not	 consider	 a	 Toyota	 vehicle.	 Although	 the	 literature	 has	 shown	 that	 ads	 can	

persuade	 consumers	 to	 view	 the	 advertised	 products	 (e.g.,	 Rutz	 and	 Bucklin	 2012),	 the	

question	of	how	the	newly	attracted	consumers	would	learn	about	the	advertised	product	

remains	 unclear.	 The	 theory	 on	 persuasion	 as	 directed	 inference	 does	 not	 distinguish	

between	different	types	of	advertising	strategies	(e.g.,	retention	ads	vs.	conquest	ads),	and	

thus	 it	 is	 unclear	 how	 to	 predict	 consumers	 search	 behavior	 after	 being	 exposed	 to	

conquest	 ads.	 Consumers	may	 treat	 conquest	 advertisements	 as	 tentative	 conjectures	 or	

hypotheses	 about	 the	 product	 features	 (Hoch	 and	 Ha	 1986),	 and	 so	 the	 ads	 may	 drive	
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consumers	 to	 learn	 about	 the	 advertised	 features	 of	 the	 products	 more	 intensively.	

Furthermore,	conquest	ads	may	contain	information	about	financial	incentives,	which	can	

increase	consumers’	perceived	value	for	more	intensive	product	search.	

In	 contrast	 to	 the	 statement	 above,	how	much	 effort	 the	 consumers	 are	willing	 to	

spend	on	browsing	the	products	depends	on	their	motivation	to	learn	about	the	products	

(Hoch	 and	 Deighton	 1989).	 Advertisers	 are	 typically	 seen	 as	 partisan,	 low-credibility	

sources,	and	literature	has	shown	that	majority	of	consumers	do	not	believe	a	company's	

ad	when	 it	 claims	 that	 its	product	 is	better	 than	 competitive	product	 (Needham,	Harper,	

and	Steers	1985).	Thus,	despite	being	attracted	by	the	conquest	ads,	these	newly	attracted	

consumers	 may	 not	 invest	 their	 effort	 in	 browsing	 the	 advertised	 product	 as	 much	 as	

consumers	 who	 browse	 the	 product	 without	 being	 exposed	 to	 its	 conquest	 ads	 before.	

Additionally,	it	is	costly	for	consumers	to	search	and	learn	about	products	that	involve	high	

complexity	(e.g.,	vehicles).		If	the	consumers	are	not	truly	motivated	to	search	for	this	type	

of	product,	they	will	not	spend	much	effort	on	browsing	the	product.		

We	 argue	 that	 the	 latter	 dominates.	 Therefore,	 although	 conquest	 advertisements	

may	help	driving	consumers	to	browse	 for	 the	advertised	product,	 the	 lacking	amount	of	

motivation	makes	it	 less	 likely	for	these	consumers	to	 invest	their	effort	on	browsing	the	

advertised	 product.	 Because	 the	 consumer	 who	 viewed	 the	 product	 after	 having	 been	

exposed	 to	 the	 product’s	 conquest	 ads	while	 viewing	 a	 different	 product	may	 not	 be	 as	

motivated	 in	 viewing	 the	 advertised	 product	 as	 the	 consumer	who	 is	 truly	motivated	 in	

learning	 about	 the	 same	 product	 without	 being	 exposed	 to	 its	 advertisements	 before.	

Therefore,	these	newly	attracted	consumers	are	likely	to	conduct	a	less	intensive	search.	



	

	
	

103 

Hypothesis	 1:	 In	 comparison	 to	 consumers	 who	 view	 a	 product	 without	 having	

been	exposed	to	its	conquest	ads	previously,	consumers	who	view	a	product	after	having	

been	 exposed	 to	 its	 conquest	 ads	 previously	 conduct	 less	 intensive	 search	 for	 the	

advertised	product.	

Shopping	 for	 vehicles	 requires	 substantial	 information	 processing	 because	 of	 the	

complexity	of	the	vehicle	attributes	as	well	as	the	large	financial	expenses	associated	with	

vehicle	 purchases.	 Because	 of	 the	 substantial	 search	 costs,	 it	 is	 expected	 consumers	will	

only	 return	 to	 view	 the	 products	 that	 they	 perceive	 to	 have	 high	 value	 and	 they	 are	

committed	 to	spending	 their	efforts	on.	Product	 revisit	 suggests	 that	 there	 is	a	 reason	 to	

revisit	the	product	once	searched,	i.e.,	that	the	relevant	information	about	a	product	is	not	

necessarily	 acquired	 or	 remembered	 in	 full	 on	 the	 first	 visit	 (Bronnenberg	 et	 al.	 2016).	

Since	learning	about	vehicle	attributes	involve	substantial	search	costs,	only	the	consumers	

who	 have	 a	 high	 valuation	 for	 the	 product	 would	 be	 willing	 to	 revisit	 the	 product	

information	pages.	Thus,	 the	consumers	who	are	newly	acquired	by	the	conquest	ads	are	

less	 likely	 to	 be	 willing	 to	 invest	 their	 effort	 to	 learn	 about	 the	 product.	 Therefore,	 we	

hypothesize	 that	 the	 probability	 of	 product	 revisit	will	 be	 lower	 for	 the	 consumers	who	

browsed	the	product	after	being	exposed	to	its	conquest	ads,	compared	to	the	consumers	

who	browsed	the	product	without	being	exposed	to	its	conquest	ads.	

Hypothesis	2:	A	consumer	who	viewed	a	product	after	a	previous	exposure	to	the	

product’s	 conquest	 ads	 while	 browsing	 a	 competing	 product	 is	 associated	 with	 a	 lower	

probability	 that	 the	 consumer	 will	 revisit	 the	 product	 page	 later,	 in	 comparison	 to	 the	

consumer	who	viewed	the	product	without	having	been	exposed	to	its	conquest	ads.	
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4.3	Data	

We	utilize	the	data	set	from	the	automotive	website	as	in	the	previous	chapters.	Our	

data	set	used	in	this	chapter	contains	consumer	browsing	history	for	the	year	2016	and	is	

obtained	from	a	collaboration	with	a	major	automotive	website	in	the	U.S.	The	website	is	

among	the	highest	traffic	automotive	websites	in	the	U.S.	The	website	allows	consumers	to	

view	specific	vehicle	make,	model,	and	year.	The	consumers	can	then	view	prices	(in	terms	

of	 estimated	MSRP	 and	 average	 Price	 Paid),	 configure	 the	 vehicle	 options	 and	 packages,	

view	 photos,	 vehicle	 reviews,	 inventory	 (at	 dealers	 in	 a	 nearby	 area,	 determined	 by	 zip	

code,	 and	 at	 specific	 dealers),	 specific	 dealer	 detailed	 pages	 (the	 dealer’s	 address	 and	

phone	number,	operation	hours,	sales	rating	and	reviews,	service	rating,	and	reviews).	To	

get	a	dealer	quote	for	the	vehicle	of	interest,	the	consumers	can	then	submit	their	personal	

contact	information,	which	are	first	name,	last	name,	email	address,	and	phone	number,	to	

the	selected	vehicle	sellers,	which	are	car	dealerships	in	our	context.	

In	 our	 empirical	 analysis,	 we	 restricted	 the	 sample	 to	 consumers	who	 conducted	

their	online	product	searches	by	using	a	desktop	platform	only.	Thus,	consumers	who	used	

a	mobile	platform	to	conducted	online	product	searches	are	removed	from	the	sample.	By	

restricting	to	desktop	platform	consumers,	we	can	control	the	layout	of	the	website	that	is	

seen	by	all	consumers	in	the	sample.	That	is,	all	consumers	in	the	sample	will	see	the	same	

advertisement	 positions	 on	 each	 webpage.	 Further,	 since	 we	 are	 considering	 the	

effectiveness	of	advertisements,	we	restricted	the	sample	to	the	consumers	who	browsed	

for	new	vehicles.	
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Additionally,	 the	 sample	 is	 restricted	 to	 consumers	 who	 browsed	 at	 least	 two	

vehicles	and	submitted	at	least	one	lead	for	the	vehicle	that	he	browsed	on	the	automotive	

website.	For	example,	a	consumer	who	browsed	for	Toyota	and	Honda	vehicles	may	submit	

a	 lead	only	 for	 the	Toyota	vehicle.	Note	 that	we	do	not	differentiate	between	 consumers	

who	submit	one	lead	or	multiple	leads	for	the	same	vehicle.	

Finally,	 we	 omitted	 consumers	who	 viewed	 only	 one	 page	 on	 the	website.	 These	

consumers	are	often	referred	to	as	bouncers	(Bucklin	and	Sismeiro	2003).	These	bouncers	

do	not	represent	consumer	website	browsing	behavior	as	it	is	found	that	bouncers	came	to	

the	website	by	mistakes	and	more	than	99%	of	them	never	navigated	to	the	website	again	

(Bucklin	and	Sismeiro	2003). 

Table	20:	Descriptive	Statistics:	Lead-Submitting	Users’	Search	Behavior	

	

	

No.	of	

webpages	per	

search	session	

No.	of	search	

sessions	per	

consumer	

No.	of	unique	

vehicle	models	

searched	per	

consumer	

No.	of	unique	

vehicles	that	

each	

consumer	

submitted	leads	

for	

Mean	 3.86	 3.14	 2.55	 1.06	

S.D.	 3.67	 1.44	 0.93	 0.25	

Min	 1	 2	 2	 1	

Max	 53	 17	 13	 4	

No.	of	Consumer	 4931	 4931	 4931	 4931	

No.	of	

Observations	
14430	 14430	 14430	 14430	
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According	 to	 the	 descriptive	 statistics	 in	 Table	 20,	 the	 consumer	 viewed	 3.86	

webpages	per	search	session	on	average,	while	having	an	average	of	3.14	search	sessions	

per	consumer.	Each	consumer	viewed	an	average	of	2.55	vehicle	models	and	submitted	a	

lead	for	one	vehicle.		

	

4.5	Empirical	Estimation	and	Results	

In	this	section,	we	describe	the	process	 for	our	empirical	estimations.	We	define	a	

search	session	(also	referred	to	as	a	viewing	session)	as	a	continuous	view	of	web	pages	on	

a	single	product	by	a	consumer	(Bronnenberg	et	al.	2016).	A	search	session	ends	when	the	

consumer	 switched	 to	 view	 a	 different	 product	 or	 exited	 the	 web	 browsing	 session.	

Product	viewing	intensity	(also	called,	product	search	intensity)	is	the	number	of	webpages	

viewed	 by	 a	 consumer	 on	 a	 single	 product	 (e.g.,	 a	 vehicle)	 during	 one	 search	 session.	 A	

product	 revisit	 describes	 whether	 the	 consumer	 returns	 to	 view	 a	 product	 that	 she/he	

viewed	previously.	
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The	Impact	of	Advertising	Strategy	on	Product	Search	(Viewing)	

Intensity	

To	estimate	the	impact	of	advertising	on	the	intensity	of	product	viewing	(product	

search),	 we	 use	 a	multi-level	 ordered	 probit	 model	 with	 random	 coefficients.	 The	

reason	why	this	specific	empirical	model	is	chosen	is	that	the	dependent	variable,	product	

viewing	 intensity,	 is	 an	 ordinal	 scale	 variable.	 That	 is,	 there	 is	 a	 clear	 ordering	 of	 the	

variable.	 Therefore,	 we	 model	 consumers’	 product	 viewing	 intensity	 using	 a	 multi-level	

Ordered	 Probit	 model	 with	 random	 coefficients.	 Search	 sessions	 of	 consumer	 i’s	 are	

organized	 in	 chronological	 order	 so	 that	 consumer	 i’s	 search	 session	 s	 refers	 to	 the	 sth	

product	that	consumer	i	searched	on	the	website.	The	number	of	webpages	viewed	by	that	

consumer	 i	 on	 car	 j	 in	 search	 session	 s	 is	 determined	 by	 a	 latent	 variable	 𝑦!"#∗ 	 as	 shown	

below.	

𝑦!"#∗ = 𝛽%! + 𝛽+!𝑐𝑜𝑛𝑞𝑢𝑒𝑠𝑡!,",# + 𝛽&!𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",# + 𝛽(𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,#
+ 𝛽-𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"# + 𝛽)*𝑧" + 𝜀!"#,	

	

where	 𝜀!"#	 is	 the	 error	 term	 and	 is	 assumed	 to	 be	 normally	 distributed	with	 zero	

mean	 and	 unit	 variance.	 𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#	 denotes	 the	 control	 variable	 for	 retention	 ad	

exposure,	and	𝑐𝑜𝑛𝑞𝑢𝑒𝑠𝑡!,",#	capture	the	effects	conquest	ads.	𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#	and	𝑐𝑜𝑛𝑞𝑢𝑒𝑠𝑡!,",#	

are	both	binary	variables.	If	consumer	i	is	exposed	to	car	j’s	retention	ad	in	the	s-th	search	

session	while	 viewing	 car	 j,	 the	 variable	 𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#	would	 be	 equal	 to	 1,	 otherwise,	 it	

would	 be	 equal	 to	 0.	 If	 consumer	 i	 is	 exposed	 to	 car	 j’s	 conquest	 ad	 (while	 viewing	 any	

vehicle	 other	 than	 the	 vehicle	 j)	 before	 the	 sth	 search	 session	 but	 after	 consumer	 i’s	 last	
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view	on	car	j,	the	variable	𝑐𝑜𝑛𝑞𝑢𝑒𝑠𝑡𝑖,𝑗,𝑠	would	be	equal	to	1,	otherwise,	it	would	be	equal	to	

0.	

Other	variables	that	may	have	effects	on	the	consumer	product	viewing	intensity	are	

also	controlled	 for	 in	 the	model.	To	control	 for	 the	stage	where	 consumer	 i’s	was	during	

his/her	decision	journey	(Court	et	al.	2009),	i.e.,	the	conversion	funnel	(Mulpuru	2011),	at	

the	 s-th	 product	 viewing	 session,	we	 proxy	 consumer	 i’s	 progress	 through	 the	 purchase	

journey	by	a	variable	𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,#,	which	 is	 the	entropy	measured	by	the	number	of	

unique	vehicle	body	 types	 that	 the	 consumer	viewed	 in	 the	website	 session.	Further,	we	

control	for	the	amount	of	product	content	information	that	consumer	i	had	viewed	as	this	

value	 may	 affect	 the	 product	 viewing	 intensity.	 The	 variable	

𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"#	denotes	the	cumulative	number	of	pages	that	consumer	

i	has	viewed	on	car	j	before	search	session	s.	If	consumer	i	did	not	visit	vehicle	j	in	search	

session	 n,	 then	 𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"# = 0.	 Moreover,	 𝑧" 	 is	 a	 vector	 of	 car	

characteristics	(e.g.,	vehicle	body	types	such	as	sedan	or	suv,	MSRP	price,	and	the	vehicle	

brand	popularity	as	measured	by	the	previous	year’s	market	share).	The	second	level	of	the	

model	is	shown	below.	

𝛽%! = 𝛽%% + 𝜉%! ,	

𝛽+! = 𝛽+% + 𝛽++𝑁𝑢𝑚𝐶𝑜𝑛𝑞!"# + 𝜉+! ,	

𝛽&! = 𝛽&% + 𝛽&+𝑁𝑢𝑚𝑅𝑒𝑡!"# + 𝜉&! ,	

where			X
𝜉%!
𝜉+!
𝜉&!
Y ~𝑁ZX

0
0
0
Y , [

𝜎\%%& 𝜎\%+& 𝜎\%&&

𝜎\+%& 𝜎\++& 𝜎\+&&

𝜎\&%& 𝜎\&+& 𝜎\&&&
]^.	
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𝛽+! 	is	the	random	effect	of	conquest	ad,	is	allowed	to	be	dependent	on	𝑁𝑢𝑚𝐶𝑜𝑛𝑞!"#,	

which	 is	 the	 number	 of	 prior	 exposures	 to	 the	 ads	 from	 a	 different	 vehicle	 brand	 than	

brand	 j.	𝛽&! 	 is	 the	 random	 effect	 of	 retention	 ad,	 is	 allowed	 to	 be	 varied	 by	𝑁𝑢𝑚𝑅𝑒𝑡!"#,	

which	is	the	number	of	prior	exposures	to	the	same	retention	ads.	

	

The	Effect	of	Advertising	Strategy	on	Product	Content	Page	Views	

To	develop	an	in-depth	understanding	about	consumers’	search	behavior,	I	further	

categorize	 the	 web	 content	 into	 3	 categories.	 For	 this	 further	 analysis,	 the	 dependent	

variable	 in	 the	 product	 viewing	 intensity	multi-level	 ordered	 probit	model	with	 random	

coefficients	 is	 replaced	 with	 the	 number	 of	 webpages	 viewed	 categorizing	 into	 three	

content	types:	search	pages,	experience	pages,	and	transaction	pages.	

Search	 pages	 are	 the	 webpages	 that	 contain	 information	 about	 the	 vehicle	

characteristics.	These	characteristics	can	be	comprehended	by	the	descriptions	(e.g.,	Huang	

et	al.	2009),	for	example,	miles	per	gallon,	engine	specs,	safety	ratings,	and	the	vehicle	body	

capacity.		

Experience	pages	 are	 the	webpages	 that	contain	 the	 types	of	vehicle	 information	

that	 are	 assessed	 subjectively,	 for	 example,	 vehicle	 photos,	 videos,	 and	 vehicle	 reviews	

from	experts	and	existing	customers.	
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Transaction	 pages	 are	 the	webpages	 that	 contain	 vehicle	 information	 related	 to	

conversion,	 for	 example,	 product	 inventory,	 incentives,	 rebates,	 and	 dealer	 location	 and	

information.	

The	Impact	of	Advertising	Strategy	on	The	Probability	of	Revisit	

Consumer	 i’s	 decision	 to	 revisit	 a	 vehicle	 is	 estimated	using	 a	mixed	Logit	model.	

The	 probability	 that	 consumer	 i	 would	 revisit	 vehicle	 j	 after	 having	 viewed	 vehicle	 j	 in	

search	session	s-th	is	modeled	below.	

𝑃!"#[𝑟𝑒𝑣 = 1|𝛼] =
𝐸𝑋𝑃E𝑔!"#[∙ |𝛼]G

𝐸𝑋𝑃E𝑔!"#[∙ |𝛼]G + 1
												

where		

𝑔!"#[∙ |𝛼] = 𝛼%! + 𝛼+!𝑐𝑜𝑛𝑞𝑢𝑒𝑠𝑡!,",# + 𝛼&!𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",# + 𝛼(𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,# +

𝛼-𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"# + 𝛼)*𝑧" + 𝜖!#,	and	𝜖!#~𝑁(0, 𝜎,&).	

The	 impact	of	conquest	ad	 is	captured	by	and	𝑐𝑜𝑛𝑞𝑢𝑒𝑠𝑡!,",#.	 Similar	 to	 the	product	

viewing	 intensity	 model,	 we	 controlled	 for	 the	 retention	 ad	 exposure,	 𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛!,",#,	 the	

proxy	for	consumer	i’s	stage	of	conversion	funnel,	𝑒𝑛𝑡𝑟𝑜𝑝𝑦_𝑤𝑠𝑠𝑖𝑑!,#,	which	is	the	entropy	

measured	 by	 the	 number	 of	 unique	 vehicle	 body	 types	 that	 the	 consumer	 viewed	 in	 the	

website	session,	𝑐𝑢𝑚𝑠𝑢𝑚𝑝𝑎𝑔𝑒𝑠_𝑏𝑒𝑓𝑜𝑟𝑒_𝑠𝑠𝑖𝑑𝑚𝑚!"#,	which	denotes	the	cumulative	number	

of	pages	that	consumer	i	has	viewed	on	car	j	before,	and	a	vector	of	car	characteristics,	𝑧" 	

(e.g.,	vehicle	body	types	such	as	sedan	or	suv,	MSRP	price,	and	the	vehicle	brand	popularity	
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as	measured	by	the	previous	year’s	market	share).	The	second	level	of	the	model	is	shown	

below.	

𝛼%! = 𝛼%% + 𝜏%! ,																																																									

	
𝛼+! = 𝛼+% + 𝛼++𝑁𝑢𝑚𝐶𝑜𝑛𝑞!"# + 𝜏+! ,																																										

	
𝛼&! = 𝛼&% + 𝛼&+𝑁𝑢𝑚𝑅𝑒𝑡!"# + 𝜏&! ,																																																																		

where	X
𝜏%!
𝜏+!
𝜏&!
Y~𝑁 ZX

0
0
0
Y , [

�̀�%%& 𝜎%+& 𝜎%&&

�̀�+%& �̀�++& �̀�+&&

�̀�&%& 𝜎&+& 𝜎&&&
]^.	

The	effects	of	conquest	ad	and	retention	ad	exposure,	𝛼+! 	and	𝛼&! ,	are	allowed	to	be	

dependent	on	the	number	of	prior	exposures	to	the	ads	from	a	different	vehicle	brand	than	

brand	j,	𝑁𝑢𝑚𝐶𝑜𝑛𝑞!"#,	and	the	number	of	prior	advertising	impressions	of	car	j’s	retention	

ads,	𝑁𝑢𝑚𝑅𝑒𝑡!"#.	

	

	Web	Session	Entropy	

To	indicate	the	consumer	search	stage	in	the	purchase	decision	journey,	one	way	is	

to	measure	by	using	 the	order	of	 the	 search	 session	 that	 the	 consumer	was	 currently	at,	

counting	 backward	 from	 the	 last	 search	 session	 of	 each	 consumer.	However,	 this	 search	

order	 backward	 variable	 possibly	 causes	 a	 problem	 of	 endogeneity.	 To	 mitigate	 the	

problem	of	endogeneity	potentially	caused	by	the	existing	search	stage	control	variable,	we	

utilize	 a	 variable	 called	 “entropy_wssid”,	 which	 measures	 entropy	 in	 the	 current	 web	

browsing	 session	 of	 each	 consumer.	 The	 entropy	 measurement	 process	 is	 based	 on	
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information	 theory	 (Shannon	 1948).	 This	 practice	 of	 using	 entropy	 measurement	 as	 a	

proxy	of	the	consumer	stage	in	a	decision	journey	is	also	applied	in	Abhishek	et	al.	2012.	In	

our	empirical	model,	we	generated	the	entropy	variable	by	accounting	 for	 the	number	of	

unique	vehicle	body	types	that	the	consumer	viewed	in	each	website	session.	

	

Advertising	Viewability	Information	

We	utilize	the	value	of	big	data	and	technology	advancement	in	advertising	tracking	

that	provide	more	precise	measurement	for	the	viewability	of	advertising	impressions.	The	

viewability	 of	 advertising	 exposures	was	 introduced	 to	 the	 field	 of	 online	 advertising	 in	

2012.	 According	 to	Media	 Ratings	 Council	 (MRC)	 guidelines,	 the	 standard	 for	measuring	

the	viewability	of	ads	is	as	follows:	a	display	ad	is	counted	as	viewable	when	at	least	50%	of	

its	area	 is	visible	on	the	screen	 for	at	 least	1	second.	Moreover,	ad	viewability	and	hover	

time	are	more	 strongly	 correlated	with	conversions,	which	are	defined	as	purchases	and	

requests	for	information	than	clicks	or	total	impressions	(Comscore	2012).	

Note	 that	 the	 way	 we	 utilized	 viewability	 information	 for	 empirical	 analyses	 in	

Chapter	 4	 is	 different	 from	 Chapter	 3.	 Unlike	 Chapter	 3,	 for	 Chapter	 4,	 we	 did	 not	 use	

advertising	viewability	for	constructing	matching	samples.	Instead,	in	this	chapter,	we	only	

use	 the	 advertising	 viewability	 information	 to	 ensure	 that	 the	 advertisements	 were	

viewable	to	consumers.	

	
Table	21:	Variable	Definition	
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Variable	 Definition	

conquest	
	A	conquest	exposure	dummy	variable	is	1	when	the	ad	

impression	is	viewable	

retention	
	A	retention	exposure	dummy	variable	is	1	when	the	ad	

impression	is	viewable	

entropy_wssid	
	The	entropy	measured	by	the	number	of	unique	vehicle	

body	types	that	the	consumer	viewed	in	the	website	session.	

cumsumpages_before_ssidmm	
	The	total	number	of	webpages	viewed	for	the	same	vehicle	

before	the	search	session	s	

msrp_price_per1000	
	The	base	model	price	(USD)	of	the	vehicle	browsed	in	

search	session	s,	divided	by	1000	

marketshare	 	The	market	share	of	the	vehicle	brand	in	search	session	s	

Q1	
	A	dummy	variable,	the	value	is	1	when	the	search	session	s	

is	in	Q1	of	2016	

Q2	
	A	dummy	variable,	the	value	is	1	when	the	search	session	s	

is	in	Q2	of	2016	

Q3	
	A	dummy	variable,	the	value	is	1	when	the	search	session	s	

is	in	Q3	of	2016	

suv	
	A	dummy	variable,	the	value	is	1	when	the	vehicle	browsed	

in	search	session	s	is	a	suv.	

truck	
	A	dummy	variable,	the	value	is	1	when	the	vehicle	browsed	

in	search	session	s	is	a	truck.	

van	
	A	dummy	variable,	the	value	is	1	when	the	vehicle	browsed	

in	search	session	s	is	a	van.	

convertible	
	A	dummy	variable,	the	value	is	1	when	the	vehicle	browsed	

in	search	session	s	is	a	convertible.	

coupe	
	A	dummy	variable,	the	value	is	1	when	the	vehicle	browsed	

in	search	session	s	is	a	coupe.	

hatchback	 	A	dummy	variable,	the	value	is	1	when	the	vehicle	browsed	
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in	search	session	s	is	a	hatchback.	

Day	of	week	(Monday	to	

Saturday)	

	A	dummy	variable,	the	value	is	1	when	the	search	session	

starts	on	the	day	of	week	

	
	
	

Empirical	Results	

Product	Search	Intensity	

From	the	 results	 in	Table	22,	 the	coefficient	 for	 conquest	ad	viewable	exposure	 is	

negative	 and	 statistically	 significant.	 If	 a	 consumer	 searches	 a	 vehicle	 after	 having	 been	

exposed	to	its	conquest	advertisement	previously,	then	the	consumer	is	likely	to	conduct	a	

less	intensive	view	of	the	vehicle	than	those	consumers	who	viewed	the	vehicle	even	when	

they	have	not	been	exposed	to	the	vehicle’s	conquest	advertisement	previously.	

	
Table	22:	Ordered	Probit	Product	Viewing	Intensity	Results	

	
Dependent	variable:	product	viewing	intensity	 Estimate	 Std.	Error	

entropy_wssid	 -0.254***	 0.03387	

cumsumpages_before_ssidmm	 -0.057***	 0.00624	

msrp_price_per1000	 -0.00193	 0.00118	

marketshare	 1.096***	 0.27001	

Q1	 -0.00575	 0.08186	

Q2	 -0.02069	 0.05903	

Q3	 0.04812	 0.03806	

suv	 0.00246	 0.02267	

truck	 -0.00829	 0.06095	
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van	 0.0128	 0.04678	

convertible	 -5.76842	 77.1406	

coupe	 0.07378	 0.13391	

hatchback	 -0.00364	 0.04346	

week_of_year	 0.00245	 0.00201	

Monday	 0.01295	 0.03802	

Tuesday	 -0.02712	 0.03872	

Wednesday	 0.01074	 0.03829	

Thursday	 -0.00141	 0.03864	

Friday	 -0.01741	 0.03792	

Saturday	 0.05688	 0.03782	

mean.constant	 -0.47***	 0.11493	

mean.retention	 1.162***	 0.05455	

mean.conquest	 -0.22***	 0.04669	

retention.n_retention_before_ssidmm	 0.05***	 0.01004	

conquest.n_conquest_before_ssidmm	 -0.0278*	 0.0145	

sd.constant.constant	 -0.07488	 0.22986	

sd.constant.retention	 -0.4973*	 0.23217	

sd.constant.conquest	 0.16255	 0.16007	

sd.retention.retention	 0.05751	 0.11873	

sd.retention.conquest	 0.16018	 0.20738	

sd.conquest.conquest	 -0.3524*	 0.18555	

	
	

When	 taking	 a	 more	 in-depth	 study	 into	 the	 webpage	 content	 types	 (i.e.,	 search	

features,	 experience	 features,	 and	 transaction	 features),	 the	 coefficients	 for	 viewable	

conquest	ads	are	insignificant	for	the	search	and	experience	page	models	as	shown	in	Table	

23	and	Table	24,	respectively.	This	implies	that,	when	comparing	the	viewing	intensity	of	

search	 features	 and	 experience	 features	 between	 consumers	 who	 are	 intrinsically	
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interested	in	a	product	versus	those	who	views	a	product	after	conquest	ads	exposure,	we	

did	not	find	significant	results	from	our	empirical	analysis.	

	
Table	23:	Product	Viewing	Intensity	on	Search	Pages	

Dependent	variable:	

Product	search	pages	viewing	intensity	
Estimate	 Std.	Error	

entropy_wssid	 -0.113719*	 0.05255	

cumsumpages_before_ssidmm	 -0.016789*	 0.01006	

msrp_price_per1000	 -0.000864	 0.00188	

marketshare	 0.8325487*	 0.42095	

Q1	 -0.100381	 0.1303	

Q2	 -0.119539	 0.0944	

Q3	 0.0026355	 0.05924	

suv	 0.0444578	 0.03604	

truck	 -0.020637	 0.09814	

van	 0.0434699	 0.07336	

convertible	 -3.689878	 98.4857	

coupe	 0.2508061	 0.19352	

hatchback	 0.1434819*	 0.06705	

week_of_year	 0.001151	 0.00319	

Monday	 0.0630727	 0.05891	

Tuesday	 -0.118318*	 0.06331	

Wednesday	 0.012757	 0.0597	

Thursday	 -0.087953	 0.06216	

Friday	 0.0008297	 0.05935	

Saturday	 0.0337935	 0.05869	

mean.constant	 -1.75248***	 0.19247	

mean.retention	 0.265336*	 0.15778	

mean.conquest	 -0.059364	 0.11798	

retention:n_retention_before_ssidmm	 0.0308097*	 0.01587	

conquest:n_conquest_before_ssidmm	 0.0618542**	 0.01889	
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sd.constant.constant	 -0.087404	 0.38883	

sd.constant.retention	 0.4502672	 0.42603	

sd.constant.conquest	 0.0566756	 0.21787	

sd.retention.retention	 0.3571622*	 0.19473	

sd.retention.conquest	 -0.250932	 0.21313	

sd.conquest:conquest	 0.226531	 0.30625	

	
	

Table	24:	Product	Viewing	Intensity	on	Experience	Pages	

Dependent	variable:	

Product	experience	pages	viewing	intensity	
Estimate	 Std.	Error	

entropy_wssid	 -0.18383***	 0.04803	

cumsumpages_before_ssidmm	 -0.00675	 0.0081	

msrp_price_per1000	 0.00195	 0.00158	

marketshare	 -0.70673*	 0.3745	

Q1	 -0.00857	 0.1161	

Q2	 0.0658	 0.0836	

Q3	 -0.01781	 0.05388	

SUV	 0.07858*	 0.03291	

truck	 0.22639**	 0.08372	

van	 0.27867***	 0.06566	

convertible	 0.40013	 0.53705	

coupe	 0.15171	 0.18033	

hatchback	 0.09105	 0.06174	

week_of_year	 0.00027	 0.00285	

Monday	 0.04101	 0.05384	

Tuesday	 -0.087	 0.05635	

Wednesday	 0.03297	 0.05415	

Thursday	 0.11561*	 0.0544	

Friday	 0.00829	 0.05393	

Saturday	 0.04962	 0.05332	

mean.constant	 -1.43773***	 0.17015	
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mean.retention	 0.1912*	 0.10394	

mean.conquest	 -0.07411	 0.10346	

retention:n_retention_before_ssidmm	 0.00658	 0.01326	

conquest:n_conquest_before_ssidmm	 0.00432	 0.01861	

sd.constant.constant	 -0.16337	 0.24123	

sd.constant.retention	 -0.078	 0.40208	

sd.constant.conquest	 0.63852	 0.41722	

sd.retention.retention	 0.46863	 0.32119	

sd.retention.conquest	 -0.40225	 0.36195	

sd.conquest:conquest	 0.0876	 0.34619	

	
	

However,	the	coefficient	for	viewable	conquest	ad	variable,	which	is	mean.conquest,	

is	negative	and	statistically	significant	 for	 the	transaction	page	model	(as	shown	in	Table	

25).	 If	 a	 consumer	 searches	 a	 vehicle	 after	 having	 been	 exposed	 to	 its	 conquest	

advertisement	previously,	 then	 the	consumer	 is	 likely	 to	conduct	a	 less	 intensive	view	of	

the	vehicle	 transaction-related	pages	 than	those	consumers	who	viewed	the	vehicle	even	

when	they	have	not	been	exposed	to	the	vehicle’s	conquest	advertisement	previously.	

	
Table	25:	Product	Viewing	Intensity	on	Transaction	Pages	

	
Dependent	variable:	

Product	transaction	pages	viewing	intensity	
Estimate	 Std.	Error	

entropy_wssid	 0.08591*	 0.04666	

cumsumpages_before_ssidmm	 -0.02163*	 0.00951	

msrp_price_per1000	 0.00416*	 0.00173	

marketshare	 0.62487	 0.40076	

Q1	 0.12275	 0.1188	

Q2	 -0.02893	 0.08715	
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Q3	 -0.01939	 0.05673	

suv	 -0.16863***	 0.03681	

truck	 0.37109***	 0.08231	

van	 -0.10061	 0.07108	

convertible	 -3.94294	 58.5713	

coupe	 0.2027	 0.17323	

hatchback	 -0.11522*	 0.06619	

week_of_year	 0.00138	 0.0029	

Monday	 0.13823*	 0.05965	

Tuesday	 0.13289*	 0.06081	

Wednesday	 0.03683	 0.06044	

Thursday	 0.06474	 0.06091	

Friday	 0.14444*	 0.05952	

Saturday	 0.1209*	 0.05927	

mean.constant	 -1.73325***	 0.1889	

mean.retention	 0.17278	 0.13196	

mean.conquest	 -0.45438**	 0.16751	

retention:n_retention_before_ssidmm	 0.03312*	 0.01517	

conquest:n_conquest_before_ssidmm	 0.01272	 0.0247	

sd.constant.constant	 -0.17953	 0.31052	

sd.constant.retention	 0.55311	 0.3581	

sd.constant.conquest	 0.25166	 0.20101	

sd.retention.retention	 0.24684	 0.20974	

sd.retention.conquest	 -0.34051	 0.30458	

sd.conquest:conquest	 0.22083	 0.24835	

	
	

Product	Revisit	

From	 the	 results	 in	 Table	 26,	 the	 coefficient	 for	 the	 conquest	 ad	 exposure	 is	 not	

significant.	 Thus,	 we	 do	 not	 find	 supporting	 evidence	 to	 support	 the	 hypothesis	 that	 a	
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consumer	who	viewed	a	product	after	a	previous	exposure	to	the	product’s	conquest	ads	

while	 browsing	 a	 competing	 product	 is	 associated	 with	 a	 lower	 probability	 that	 the	

consumer	will	revisit	the	product	page	later.	

	
	

Table	26:	Probability	of	Product	Revisit	Results	

Dependent	variable:	

Probability	of	revisit	
Estimate	 Std.	Error	

entropy_wssid	 6.54E-01***	 6.08E-02	

cumsumpages_before_ssidmm	 -1.4E-01***	 1.74E-02	

msrp_price_per1000	 1.36E-02***	 2.19E-03	

marketshare	 4.26E+00***	 5.10E-01	

Q1	 1.14E-01	 1.54E-01	

Q2	 5.04E-02	 1.12E-01	

Q3	 1.37E-01*	 7.22E-02	

suv	 -8.56E-02*	 4.35E-02	

truck	 -9.83E-02	 1.15E-01	

van	 -1.69E-01*	 8.93E-02	

convertible	 -1.78E+00*	 9.25E-01	

coupe	 5.02E-01*	 2.66E-01	

hatchback	 4.50E-02	 8.23E-02	

week_of_year	 3.02E-04	 3.78E-03	

Monday	 1.12E-01	 7.29E-02	

Tuesday	 3.77E-02	 7.39E-02	

Wednesday	 1.58E-01*	 7.32E-02	

Thursday	 7.43E-02	 7.43E-02	

Friday	 1.37E-01*	 7.23E-02	

Saturday	 1.41E-01*	 7.24E-02	

mean.constant	 -1.8600***	 4.12E-01	

mean.retention	 1.2900***	 3.64E-01	

mean.conquest	 -7.11E+01	 1.65E+02	



	

	
	

121 

retention:n_retention_before_ssidmm	 -6.00E-02*	 2.77E-02	

conquest:n_conquest_before_ssidmm	 2.26E+00	 6.84E+00	

sd.constant.constant	 2.55E+00**	 9.31E-01	

sd.constant.retention	 -2.58E+00**	 9.44E-01	

sd.constant.conquest	 5.64E+01	 1.29E+02	

sd.retention.retention	 2.88E-02	 1.50E-01	

sd.retention.conquest	 -3.23E+01	 7.02E+01	

sd.conquest:conquest	 1.02E+01	 2.27E+01	

	
	

Robustness	Check	

Propensity	Score	Matching	

To	mitigate	 the	 selection	bias	problem,	we	applied	 the	Propensity	Score	Matching	

(PSM)	 method	 (Rosenbaum	 and	 Rubin	 1983,	 Rosenbaum	 and	 Rubin	 1984,	 Abadie	 and	

Imbens	 2016)	 to	 construct	 matching	 samples.	 We	 then	 compared	 the	 search	 behaviors	

between	 the	 two	matching	samples.	The	 idea	behind	matching	 is	 to	 find	control	 subjects	

that	are	as	similar	to	the	treated	subjects	as	possible	in	terms	of	covariates,	hence	creating	

balanced	 treatment	 groups	 just	 as	 in	 a	 randomized	 study	 (Zhao	 et	 al.	 2016).	 First,	 a	

probability	 that	 a	 consumer	 is	 exposed	 to	 an	 advertisement	 in	 each	 product	 viewing	

session	 is	 estimated	 using	 a	 set	 of	 controlled	 variables.	 Then,	 the	 propensity	 scores	 are	

determined	using	a	logit	model.	The	matching	sample	sets	are	derived	from	the	consumers	

who	overlap	in	the	magnitudes	of	the	probability	of	being	exposed	to	the	advertisements	in	

particular	product	viewing	sessions.	Therefore,	sample	groups	similar	to	randomization	is	

created.	



	

	
	

122 

For	 the	 Propensity	 Score	Matching	 process,	 we	 consider	 each	 consumer’s	 second	

product	viewing	session	only.	This	is	because	we	would	like	to	avoid	the	dependency	of	the	

observations	 that	 may	 arise	 from	 considering	 multiple	 product	 viewing	 sessions	 of	 the	

same	consumer.	Since	neither	the	researchers	nor	the	website	observes	the	demographic	

of	 the	 consumers,	 the	 set	 predictor	 variables	 used	 for	 estimating	 the	 probability	 of	

advertising	 exposure	 consists	 of	 the	 product	 characteristics.	 The	 results	 of	 the	 logit	

prediction	 model	 for	 the	 retention	 advertising	 exposure	 and	 the	 conquest	 advertising	

exposure	 are	 shown	 in	 Table	 27	 and	 Table	 28,	 respectively.	 Then,	 we	 created	matching	

samples	of	 consumers	with	similar	propensity	scores	and	compared	 the	product	viewing	

intensity	 and	 propensity	 to	 revisit	 of	 consumers	 who	 were	 exposed	 to	 display	

advertisements	with	those	who	were	not	exposed	to	display	advertisements.	

We	 found	 that	 the	 results	 are	 consistent	 with	 the	 main	 findings.	 Exposure	 to	

retention	 advertising	 is	 associated	with	 consumers’	 increased	 product	 viewing	 intensity	

(p<0.05)	 and	 the	 probability	 of	 subsequent	 product	 revisits	 (p<0.05).	 If	 a	 consumer	

searches	 a	 vehicle	 after	 having	 been	 exposed	 to	 its	 conquest	 ads,	 she	 conducts	 a	 less	

intensive	search	of	this	vehicle	(p<0.05).	

	
Table	27:	Propensity	Score	Estimation	for	Retention	Ads	(Logit)	

	

Independent	Variable	
Search	Session	1	

Estimate	(Std.	Error)	

Search	Session	2	

Estimate	(Std.	Error)	

(Intercept)	 1.2084***(0.1411)	 0.0180(0.1252)	

Q2	 0.0159(0.1129)	 0.2695**(0.1061)	

Q3	 0.2928***(0.1054)	 -0.2772***(0.0963)	
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Q4	 0.3069**(0.1244)	 0.3945***(0.1179)	

suv	 -0.1644(0.1007)	 0.7533***(0.0854)	

sport	 -0.6526**(0.2850)	 0.2709(0.3047)	

truck	 -0.8394***(0.2396)	 -0.1889(0.2382)	

van	 -0.3113(0.2116)	 1.0598***(0.2426)	

convertible	 -0.0339(0.3201)	 0.3005(0.3403)	

coupe	 -1.3145***(0.2370)	 -1.0471***(0.2752)	

hatchback	 -0.0114(0.1747)	 0.4124***(0.1550)	

MSRP/1000	 -0.0232***(0.0026)	 -0.0163***(0.0025)	

Marketshare	 16.3382***(1.1076)	 20.1688***(1.0785)	

Note:	For	Propensity	Score	Matching,	the	sample	was	further	restricted	to	4463	consumers	
due	to	an	additional	constraint.	
	
	

Table	28:	Propensity	Score	Estimation	for	Conquest	Ads	(Logit)	

	
Independent	Variable	 Estimate	(Std.	Error)	

(Intercept)	 -0.9588***(0.1430)	

Q2	 0.1269(0.1067)	

Q3	 0.0248(0.1032)	

Q4	 0.3625***(0.1132)	

MSRP/1000_S1car	 0.0005(0.0032)	

Marketshare_S1car	 3.2362***(0.8832)	

Msrp/1000_differenceS1carandS2car	 -0.0194***(0.0044)	

Marketshare_differenceS1carandS2car	 -1.4009(1.0129)	

suv_S1	 -0.6908***(0.0890)	

sport_S1	 -0.7201***(0.2774)	

truck_S1	 -0.5300***(0.1947)	

van_S1	 -0.4638**(0.1933)	

convertible_S1	 -1.7260**(0.7327)	

coupe_S1	 -0.5590*(0.3028)	
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hatchback_S1	 -0.3545**(0.1635)	

type_differenceS1carandS2car	 -0.3902***(0.0945)	

Note	1:	For	Propensity	Score	Matching,	the	sample	was	further	restricted	to	4463	

consumers	due	to	an	additional	constraint.	

Note	2:	S1	and	S2	indicate	that	the	attribute	value	is	from	the	car	in	the	first	and	second	

search	session,	respectively.	The	variables	with	“_differenceS1carandS2car”	represent	the	

absolute	difference	between	S1	and	S2	cars.	For	example,	

Marketshare_differenceS1carandS2car	is	the	absolute	difference	in	market	share	between	

S1	and	S2	cars.	

	
	

4.6	Conclusions	

From	 the	 empirical	 results,	 we	 found	 that	 exposures	 to	 advertisements	 are	

significantly	associated	with	our	consumer	online	search	behaviors	of	interest	(i.e.,	product	

search	intensity,	and	product	revisit).	We	confirmed	the	results	we	found	in	chapter	3	that	

consumers	 who	 were	 exposed	 to	 vehicle	 retention	 advertisement	 while	 consumers	 are	

browsing	the	vehicle	are	likely	to	conduct	more	intensive	product	viewing	of	the	vehicle.	

Most	importantly,	we	found	that	if	a	consumer	searches	a	vehicle	after	having	been	

exposed	to	its	conquest	advertisement	previously,	then	the	consumer	is	likely	to	conduct	a	

less	intensive	view	of	the	vehicle	than	those	consumers	who	viewed	the	vehicle	even	when	

they	have	not	been	exposed	to	the	vehicle’s	conquest	advertisement	previously.	
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CHAPTER	 5.	 Directions	 for	 Future	 Research:	 A	

Preliminary	 Analysis	 on	 Multi-Device	 Consumer	

Online	Search	Behavior	

Abstract	

Consumers’	 use	 of	 mobile,	 which	 typically	 refers	 to	 a	 mobile	 device,	 medium,	

technology,	 or	 channel,	 is	 growing	 at	 a	 tremendous	 pace.	 More	 than	 four-fifths	 of	 U.S.	

shoppers	 use	 a	 mobile	 device	 to	 shop	 even	 within	 a	 store	 (Shankar	 et	 al.	 2016,	 Google	

2013).	 In	 response	 to	 these	 trends,	marketers	 are	 increasingly	 using	mobile	 to	meet	 the	

demands	of	consumers.	Firms'	spending	on	mobile	is	now	about	one-fourth	of	all	of	their	

digital	spending,	and	over	three-fourths	of	retailers	plan	to	enhance	their	mobile	marketing	

spending	 from	2015	onward	(eMarketer	2015).	Despite	 the	market	dominance	of	mobile	

devices,	 prior	 studies	 show	 consumers	 are	 not	 always	 purchasing	 goods	 on	 the	 mobile	

platform.	U.S.	retailers'	conversion	rates	on	the	desktop	platform	are	two	times	as	high	as	

mobile	 platform	 conversion	 rates	 (Google	 2016).	 Additionally,	 Google	 (2016)	 has	 found	

that	 six	 in	 ten	 internet	 users	 start	 shopping	 on	 one	 device	 but	 continue	 or	 finish	 on	 a	

different	one.	
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To	 extend	 the	 scope	 of	 the	 previous	 chapters	 where	 the	 focus	 was	 on	 studying	

online	search	behavior	of	consumers	who	use	a	single	desktop	platform,	this	chapter	plans	

to	 analyze	 online	 search	 behavior	 of	 consumers	 who	 use	 multiple	 devices	 including	

desktop	and	mobile	platforms	during	their	online	path	to	purchase.	Towards	the	goal,	this	

chapter	 aims	 to	 gain	 insights	 on	 the	 effect	 of	 advertisements	 on	 consumers	 who	 use	

multiple	 devices	 for	 online	 product	 searches.	 A	 preliminary	 analysis	 shows	 that	 for	

multiple-device	 consumers,	 having	 a	 desktop	 session	 anywhere	 in	 the	 consumer	 online	

search	journey	is	associated	with	a	higher	probability	of	conversion.	Moreover,	exposure	to	

the	 product’s	 ads	 on	 a	 mobile	 platform	 is	 associated	 with	 a	 higher	 probability	 that	 the	

consumer	will	browse	for	the	advertised	product	on	a	desktop	platform	subsequently.	

	

5.1	Introduction	

Mobile	 advertising	 is	 becoming	 increasingly	 relevant	 for	 firms.	 These	

advertisements	offer	marketers	unprecedented	opportunities	 to	 connect	with	 consumers	

by	 leveraging	 the	powerful	data	 that	 location	and	consumer	behaviors	uniquely	generate	

(e.g.,	 Andrew	 et	 al.	 2016,	 Grewal	 et	 al.	 2016).	Mobile	 advertising	 continues	 its	 explosive	

growth,	reaching	$40	billion	for	the	first	half	of	the	year	in	2019—a	29%	increase	from	the	

$30.9	billion	spent	on	mobile	during	the	same	period	in	2018	(IAB	Half-Year	report	2019).	

U.S.	 mobile	 ad	 spending	 is	 expected	 to	 grow	 from	 $87.30	 billions	 in	 2019	 to	 $167.25	

billions	 in	 2024	 (eMarketer	 2020)	 as	 presented	 in	 Figure	 14.	 Among	 U.S.	 mobile	 ad	

spending	 share	 by	 format,	 display	 ads	 account	 for	 the	 majority	 of	 mobile	 ad	 spending	

(eMarketer	2020)	as	presented	in	Figure	15.	
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Figure	14:	Estimates	of	U.S.	Mobile	Ad	Spending,	2019-2024	

	
	

	
Figure	15:	U.S.	Mobile	Ad	Spending	Share,	by	Format,	2019-2024	
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Although,	the	conversion	rates	on	the	desktop	platforms	of	U.S.	retailers	are	found	

to	be	approximately	two	times	higher	than	on	their	mobile	platforms	(Google	2016).	The	

number	 of	 consumers	who	use	multiple	 devices	 during	 their	 purchase	 journey	 has	 been	

increasing.	To	illustrate,	Google	(2016)	has	found	that	six	in	ten	of	online	consumers	start	

shopping	on	one	device	but	continue	or	finish	on	a	different	device	later.	Nonetheless,	not	

enough	 attention	 has	 been	 given	 to	 researches	 on	 consumers	 who	 use	multiple	 devices	

during	their	purchase	decision	journey.	Among	most	relevant	study	is	by	Xu	et	al.	(2017),	

who	 used	 natural	 experiments	 to	 study	 purchase	 behavior	 on	 smartphones,	 tablets,	 and	

PCs,	 and	 argued	 that	 tablets	 serve	 as	 complements	 to	 smartphones,	while	 they	 serve	 as	

substitutes	 for	PCs.	They	also	show	that	while	 the	sales	on	the	retailer’s	website	 through	

smartphones	increase,	the	sales	drop	after	consumers	adopted	the	tablets.	Furthermore,	Xu	

et	al.	2017	find	that	tablet	users	made	more	purchases	of	long-tail	products. 

As	 we	 study	 the	 impact	 of	 advertising	 on	 consumers	 who	 use	 multiple	 types	 of	

devices	during	their	online	searches,	our	research	also	contributes	to	the	emergent	body	of	

research	 on	 cross-media	 effects	 (e.g.,	 De	Haan	 et	 al.	 2018,	 Kannan	 2016,	 Xu	 et	 al.	 2017,	

Zantedeschi	et	al.	2017,	Wang	et	al.	2015).	We	contribute	to	the	literature	by	examining	the	

online	product	search	behavior	of	consumers	who	use	both	desktop	platform	and	mobile	

platform	during	their	online	path	to	purchase,	and	we	also	provide	insights	on	the	impact	

of	 advertisements	 on	 consumers	 who	 use	 multiple	 devices	 (i.e.,	 desktop	 and	 mobile	

platforms)	 for	 online	 product	 searches.	We	 found	 that	 for	 consumers	 who	 use	multiple	

platforms	for	online	product	searches,	viewing	a	product	on	a	desktop	platform	anywhere	

in	their	path	to	purchase	is	associated	with	a	higher	probability	of	conversion.	Additionally,	
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exposure	 to	 an	 ad	 on	 smartphones	 is	 associated	 with	 a	 higher	 probability	 that	 the	

consumer	views	the	advertised	product	on	a	desktop	platform	later	in	the	search	journey. 

	

5.2	Literature	review	and	theoretical	background	

Attribution	literature	

Attribution	models	 are	 known	 as	 the	 science	 with	 the	 objective	 of	 allocating	 the	

incremental	 impact	on	the	outcome	of	 interest	(e.g.,	conversion)	to	each	of	the	marketing	

touchpoints.	 Therefore,	 the	 allocation	 of	 marketing	 spending	 would	 be	 improved.	 Early	

work	 in	 this	 area	 focusing	 on	measuring	 the	 impact	 of	multiple	marketing	 channels	 has	

used	aggregate	data.	For	example,	Naik	and	Raman	2003	uses	Kalman	filtering	on	market	

data	 on	 Dockers	 brand	 advertising	 to	 show	 the	 existence	 of	 the	 interaction	 between	

television	and	print	advertisements.	Examples	of	early	work	that	uses	individual-level	data	

to	 analyze	 cross-channel	 impacts	 include	 Ansari	 and	Mela	 2003,	 where	 the	 authors	 use	

clickstream	data	to	estimate	the	model	and	optimize	the	design	and	content	of	customized	

communications,	which	 is	 to	 help	 reducing	 information	 overload	 and	 to	 assist	 customer	

decision	making.	 As	 the	 individual-level	 browsing	 data	 become	 available	 for	 researches,	

there	is	more	to	be	studied	for	attribution	problems.	Many	firms	use	heuristic	attribution	

algorithms,	 for	 example,	 first-touch	 attribution,	 last-touch	 attribution,	 or	 assuming	 equal	

attribution	across	all	touchpoints.	
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Li	 and	Kannan	 2014	 propose	 an	 attribution	model	 to	 attribute	 both	 the	 visit	 and	

conversions	 (i.e.,	 the	 incremental	 impact	 of	 each	 online	 channel	 on	 conversions)	 to	

different	online	channels	(e.g.,	organic	search,	paid	search,	referral,	direct,	email,	display).	

Li	 and	Kannan	2014	proposed	model	 also	 accounts	 for	 carryover	 effect	 (e.g.,	 a	 customer	

prior	 actions	 on	 a	 specific	 channel	 have	 an	 effect	 on	 subsequent	 actions	 on	 the	 same	

channel)	 and	 spillover	 effect	 (e.g.,	 a	 customer	 prior	 actions	 on	 a	 channel	 could	 have	 an	

effect	on	subsequent	actions	on	a	different	channel).	They	also	use	a	field	study,	by	turning	

off	 paid	 searches	 for	 one	 week,	 to	 validate	 the	 model	 performance	 in	 estimating	 the	

incremental	 effect	 of	 each	 online	 channel.	 Xu	 et	 al.	 (2014)	 studies	 the	 effects	 of	 various	

types	of	online	advertisements	on	conversion	by	applying	Bayesian	inference	using	Markov	

chain	Monte	Carlo	method	to	a	mutually	exciting	point	process	model.	Xu	et	al.	2014	found	

that	 the	 effect	 of	 display	 advertisements	 on	 conversion	 is	 relatively	 low,	 but	 display	

advertisements	 are	 more	 likely	 to	 stimulate	 subsequent	 visits	 through	 other	 types	 of	

advertisement.	They	explain	that	the	common	measure	of	conversion	rate	underestimates	

the	effect	of	display	advertisements	and	is	biased	in	favor	of	search	advertisements.	

Abhishek	 et	 al.	 2012	 propose	 an	 online	 advertising	 attribution	 model	 by	 using	

Hidden	Markov	Model	(HMM)	in	assigning	credits	to	each	advertisement	on	its	increment	

impact	on	the	customer	probability	to	convert.	The	authors	analyzed	individual	customer	

behavior	 based	 on	 a	 conversion	 funnel.	 HMM	 is	 utilized	 to	 address	 customer	 purchase	

funnel	 by	modeling	 states	 in	 the	 customer	 decision	 processes.	 Advertisements	 affect	 the	

consumer	 movement	 through	 these	 states.	 They	 defined	 four	 states:	 disengaged,	 active,	

engaged,	 converted.	Where	 converted	 is	 a	 dummy	variable	 to	 identify	when	 a	 consumer	
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has	engaged	in	a	conversion	activity	(search	inventory,	find	a	dealer,	build	and	price	or	get	

a	quote).	Abhishek	et	al.	2012	use	online	advertising	campaign	data	provided	by	a	digital	

advertising	agency.	The	data	 is	associated	with	the	 launch	of	a	car,	which	is	about	an	11-

week	 period.	 Two	 different	 advertising	 types	 are	 studied:	 display	 and	 search	 ads.	 The	

researchers	 infer	 a	 consumer’s	 latent	 state	 by	 through	 the	 observed	 actions,	 which	 is	 a	

bivariate	 outcome	 variable	 Yit	 =	 (Nit,	 Cit),	 where	 Nit	 is	 a	 Poisson	 random	 variable	 that	

captures	 the	 number	 of	 pages	 viewed	by	 the	 customer	 i	 between	 time	 t	 and	 t+1,	 Cit	 is	 a	

binary	random	variable	that	captures	whether	there	was	a	conversion	between	time	t	and	

t+1.	 Abhishek	 et	 al.	 2012	 found	 that	 display	 ads	 have	 a	 significant	 effect	 on	 moving	

customers	from	the	disengaged	state	to	active	state,	whereas	search	ads	have	a	significant	

effect	in	all	stages.	A	relatively	new	study	by	Zatedeschi	et	al.	2017	estimate	the	decay	rates	

for	 two	advertising	mediums,	which	are	 emails	 and	 catalogs.	They	use	 a	 setting	where	a	

firm	randomly	held	out	customers	from	each	advertising	campaign,	creating	a	sequence	of	

randomized	 field	 experiments	 that	 solves	 many	 potential	 endogeneity	 problems.	

Zatedeschi	et	al.	2017	developed	a	hierarchical	Bayesian	model	for	advertising	responses,	

in	 order	 to	 pool	 data	 across	 campaigns	 and	 to	 account	 for	 individual	 differences	 in	

purchase	propensity	and	marketing	response.	They	are	able	to	use	the	model	to	predict	the	

short	 term	 and	 long	 term	 effects	 of	 each	 of	 the	 two	 channels	 (emails	 and	 catalogs),	 this	

prediction	ability	would	be	useful	to	determine	marketing	strategy.	

Information	search	on	multiple	devices	

Ghose	 et	 al.	 (2013)	 study	 Internet	 browsing	 behavior	 on	mobile	 vs.	 desktop.	 The	

authors	estimate	the	customer	decision	to	click	on	the	brand	post	on	the	microblogging	by	
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the	 two-level	 estimation	model:	 post-level	 and	 population-level.	 The	 post-level	model	 is	

built	based	on	a	random-utility	framework;	the	population-level	model	is	built	based	on	the	

Hierarchical	 Bayesian	 framework.	 Their	 empirical	 study	 shows	 that	 ranking	 effects	 are	

higher	on	mobile	devices.	This	 implies	higher	search	costs	due	to	the	smaller	screen	size.	

Additionally,	 the	 benefit	 of	 browsing	 for	 stores	with	 closer	 distance	 is	 higher	 on	mobile	

phones	(e.g.,	the	stores	that	are	closer	to	the	users	are	more	likely	to	be	clicked	on	mobile	

phones.).	Therefore,	comparing	to	PC,	mobile	Internet	is	less	“Internet-like”.	

The	study	is	mainly	based	on	two	streams	of	research:	the	effects	of	ranking,	and	the	

effects	 of	 distance.	 Ranking	 effects	 are	 often	 interpreted	 as	 a	 type	 of	 search	 cost	 in	 an	

online	setting;	higher	ranking	effects	 suggest	a	higher	degree	of	effort	 required	 (e.g.,	Yao	

and	Mela	2011).	A	small	screen	may	increase	ranking	effects	and	cognitive	load	due	to	the	

amount	 of	 information	 that	 can	 be	 shown	 on	 each	 page,	 create	 an	 obstacle	 to	 user’s	

navigation	 activities	 and	 perceptions,	 reduce	 the	 effectiveness	 of	 mobile	 marketing	

activities	(Chae	and	Kim	2004;	Shankar	et	al.	2010).	To	enhance	the	effectiveness	of	mobile	

information	search,	adapting	the	presentation	of	mobile	webpages	is	critical	(Adipat	et	al.	

2011).	

Tobler	(1970)	states,	“All	things	are	related,	but	near	things	are	more	related	than	

far	things.”	The	online	channels	are	argued	to	reduce	the	importance	of	distance,	and	thus,	

increase	the	competition	between	firms.	Location-based	services	are	tools	that	customize	

the	 information	 based	 on	 the	 location	 of	 the	 search	 query	 (Jiang	 and	 Yao	 2006).	

Additionally,	people	might	access	the	Internet	on	a	mobile	device	to	 filter	 information	by	

location	to	make	it	more	relevant	(Mountain	et	al.	2009).	
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Xu	 et	 al.	 (2014)	 examine	 customers’	 news	 consumption	 behavior	 on	 the	 news	

websites	in	response	to	the	introduction	of	a	mobile	news	application	by	a	major	national	

media	 company.	 The	 study	 reveals	 that	 the	 introduction	 of	 the	mobile	 news	 application	

significantly	 increases	 the	 demand	 for	 the	 corresponding	 mobile	 news	 website.	 Their	

additional	study	also	shows	that	tablets	serve	as	a	substitute	for	PC,	while	tablets	serve	as	a	

complement	for	smartphones.	

Jung	 et	 al.	 (2019)	 determine	 the	 effect	 of	mobile	 application	 adoption	 on	 specific	

user	 behaviors	 in	 the	 context	 of	 online	 dating:	 engagement	 and	 outcome	matching.	 The	

authors	 use	 propensity	 score	 matching	 and	 difference-in-differences	 as	 their	 main	

identification	 strategy	 for	 identifying	 three	mechanisms,	which	 are	 ubiquity,	 impulsivity,	

and	 disinhibition,	 that	 drive	 the	 user	 behavior	 change.	 There	 have	 been	 a	 number	 of	

studies	that	recognize	the	impact	of	advertising	and	the	impact	of	ratings.	However,	to	the	

best	of	my	knowledge,	only	few	studies	have	studied	the	comparison	of	the	impact	of	these	

two	 types	 of	 information	 on	 a	 web	 browsing	 setting.	 Moreover,	 the	 dynamic	 impact	 of	

these	 two	 factors	 (we	say	dynamic	because	 the	chronological	order	of	 the	appearance	of	

this	two	types	of	 information	are	taken	into	account)	is	still	a	gap	in	the	literature	that	is	

left	 to	be	analyzed.	This	 interaction	effect	 is	 interesting	because	with	 the	proliferation	of	

online	ratings	websites,	can	marketers	utilize	advertisements	to	offset	the	negative	valence	

(if	 exist)	 of	 online	 ratings.	 And,	 in	 the	 context	 that	 there	 already	 exists	 a	 positive	 online	

rating,	should	marketers	still	purchase	advertisements,	i.e.,	is	there	a	complementary	effect	

between	 these	 two	 factors,	 and	 what	 is	 the	 extent	 to	 which	 advertisements	 could	

complement	the	effect	of	the	positive	valence	of	online	ratings.	
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According	 to	 Brasel	 and	 Gips	 2014,	 online	 shopping	 using	 the	 touch	 screen	 of	 a	

tablet	 or	 smartphone	 can	 create	 the	 psychological	 ownership	 of	 the	 product	 being	

investigated.	Consumer	perceived	risk	is	defined	as	the	nature	and	amount	of	uncertainty	

perceived	by	a	consumer	when	contemplating	a	purchase	decision	(e.g.,	Cox	and	Rich	1964,	

Biswas	 and	 Biswas	 2004).	 Biswas	 and	 Biswas	 2004	 show	 that	 an	 advantage	 of	 device-

switching	from	more	mobile-like	to	less	mobile-like	devices	is	to	reduce	transaction	risk.	In	

their	study,	they	use	the	product	price	as	a	proxy	of	transaction	risk.	Economics	literature	

regarding	 signaling	 theory	 suggests	 that	 in	 the	 existence	 of	 asymmetric	 information	

between	 buyers	 and	 sellers	 that	 is	 due	 to	 the	 differences	 in	 the	 availability	 of	 product	

information	 (Akerlof	 1970),	 sellers	 are	 highly	 likely	 to	 have	 a	 good	 idea	 about	 their	

products	while	this	is	unlikely	for	prospective	buyers.	This	statement	is	especially	true	of	

the	 products	 that	 are	 normally	 evaluated	 after	 being	 experienced	 by	 the	 consumers	

(Nelson	 1970).	 For	 these	 types	 of	 products,	 buyers	 tend	 to	 rely	 on	 signals	 to	 make	

inferences	regarding	both	quality	and	risk	perceptions.	Sellers	can	send	marketing	signals	

to	the	prospective	buyers	to	assist	in	informing	the	product	quality	and	reducing	perceived	

risk.	An	example	of	those	marketing	signals	is	advertisements.		

Advertising	effects	on	consumer	purchase	

Goldfarb	and	Tucker	(2011)	found	from	a	field	experiment	study	that	matching	an	

ad	to	website	content	increases	purchase	intent,	which	is	measured	by	whether	the	survey	

taker	 reported	 the	 highest	 score	 on	 the	 scale	 (“very	 likely	 to	 make	 a	 purchase”),	 and	

increasing	 an	 ad’s	 obtrusiveness	 increases	 purchase	 intent	 as	well.	 However,	 using	 both	

strategies	at	the	same	time	will	be	less	effective	in	increasing	purchase	intent,	compared	to	
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ads	 that	 have	 only	 one	 of	 the	 two	 strategies.	 Existing	 studies	 have	 found	 that	matching	

advertising	content	to	the	website	content	increased	stated	purchase	intent	(Goldfarb	and	

Tucker	 2011,	 Wilbur	 et	 al.	 2009).	 Spalding	 et	 al.	 2009	 suggested	 that	 increasing	 the	

obtrusiveness	(e.g.,	pop-up	advertisements)	of	the	ad	would	increase	purchase	intent.	

Todri	et	al.	 (2019)	 found	 that	although	display	advertising	can	have	an	 impact	on	

transitioning	 consumers	 further	 down	 in	 the	 purchase	 funnel	 path	 and	 increasing	 the	

probability	 of	 purchase,	 the	 exposures	of	 display	 advertising	beyond	a	 certain	 frequency	

threshold	could	increase	the	probability	that	the	consumers	will	be	annoyed	by	the	display	

ads.	 Furthermore,	 consumers	 in	 different	 stages	 of	 the	 funnel	 path	 exhibit	 different	

thresholds	for	annoyance.	Consumers	who	are	in	the	early	stage	of	the	funnel	path	could	be	

annoyed	by	three	display	advertising	exposures	within	the	same	day,	while	consumers	who	

are	 in	 the	 later	 stage	 (i.e.,	 consumers	who	are	more	engaged)	would	need	at	 least	 seven	

display	 advertising	 exposures	 within	 the	 same	 day	 to	 reach	 a	 substantial	 probability	 of	

annoyance	 effects.	 Additionally,	 there	 has	 been	 a	 debate	 among	 researchers	 on	whether	

receiving	 competing	 product	 information	 would	 help	 or	 hurt	 the	 consumer	 decision	

process	 on	 purchasing	 the	 product	 being	 viewed.	 Some	 studies	 state	 that	 competing	

product	information	tends	to	distract	consumers	away	from	the	focal	product	and	reduce	

consumer	 attention	 on	 the	 product	 being	 considered	 (e.g.,	 Koufaris	 2002).	 Others	 argue	

that	viewing	competing	product	alongside	the	focal	product	may	not	have	a	negative	effect	

on	the	focal	product	(e.g.,	Agarwal	and	Mukhopadhyay	2016).		
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Hypothesis	Development	

Consumers	seek	to	ensure	that	they	are	making	the	right	decision	on	the	purchase	

and	therefore	attempt	to	reduce	the	risk	of	making	a	wrong	purchase	(Moorthy,	Ratchford,	

and	Talukdar	1997).	Previous	literature	has	investigated	that	consumers	conduct	product	

searches	on	a	different	device	depending	on	the	risk	involved	and	the	characteristics	of	the	

device	that	may	influence	or	help	reducing	the	risk	of	commitment	to	a	purchase	(Lemon	

and	Verhoef	2016,	Verhoef,	Neslin,	and	Vroomen	2007).		The	mobile	device,	because	of	its	

small	size,	portability,	and	ubiquity,	is	more	convenient	to	search	for	information	whenever	

desired.	A	mobile	device	allows	consumers	to	connect	to	the	digital	world	from	wherever	

they	are	in	the	physical	world,	and	therefore	it	strongly	affects	the	customer	journey	(e.g.,	

Verhoef	 et	 al.	 2017).	 The	 ubiquitous	 availability	 of	 smartphones	 leads	 to	more	 frequent	

usage	 of	 mobile	 phones,	 compared	 with	 desktops	 or	 laptops.	 Although	 consumers	 use	

mobile	 devices	more	 frequently,	 they	 use	 them	 for	 shorter	 durations	 than	 fixed	 devices	

(Cui	and	Roto	2008).	The	advantages	of	being	able	to	perform	a	more	convenient	search	for	

information	 on	 a	 mobile	 device	 assists	 in	 reducing	 the	 risk	 of	 making	 an	 error	 on	 a	

purchase	(Moe	2003).		

The	study	by	Wang	et	al.	(2015)	stated	that	consumers	tend	to	use	mobile	devices	to	

shop	 for	 habitual	 products	 that	 they	 already	 have	 a	 history	 of	 purchasing.	 They	 also	

proposed	 that	 consumers	 utilize	 mobile	 devices	 because	 the	 technology	 provides	

convenient	 access,	 which	 leads	 them	 to	 incorporate	 a	 mobile	 device	 into	 their	 habitual	

routines.	Nonetheless,	mobile	devices	may	not	be	the	most	optimal	channel	for	promoting	
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products	that	require	more	consideration	during	the	buying	process	(Wang	et	al.	2015).	In	

contrast	to	the	mobile	devices	that	are	used	more	frequently	when	consumers	are	on	the	

go	 or	 in	 public	 locations,	 consumers	 often	 use	 fixed	 devices	 (e.g.,	 a	 desktop	 device)	 in	

secured	 locations	 (Lee	 et	 al.	 2005;	 Rapp	 et	 al.	 2015).	 The	 choice	 of	 devices	 used	 for	

shopping	and	making	purchases	are	related	to	security	concerns	(Chin	et	al.	2012).	

Therefore,	when	 consumers	want	 to	 reduce	 purchase	 risk	 and	 take	more	 time	 to	

search	 for	 specific	 features	 of	 the	 products,	 they	 may	 switch	 to	 a	 desktop	 platform	 (a	

desktop	or	tablet)	to	view	more	details	about	the	product.	

Hypothesis	1:	For	multi-device	consumers,	having	a	desktop	session	anywhere	 in	

the	consumer	online	search	journey	is	associated	with	a	higher	probability	of	conversion.	

Retention	advertising,	which	 is	 the	advertisement	 that	contains	 information	about	

the	same	product	that	is	the	focus	of	the	webpage,	focuses	on	showcasing	the	key	features	

of	the	products	that	the	manufacturers	would	like	to	highlight	and	persuade	the	consumers	

to	pay	attention	to.	A	study	by	Hoch	and	Ha	(1986),	using	a	laboratory	experiment,	found	

that	 after	 seeing	 the	 advertisements	 of	 a	 product,	 consumers’	 search	 becomes	 more	

concentrated	on	the	advertised	attributes.	Especially	for	products	with	multiple	attributes	

that	require	a	more	in-depth	consideration,	retention	ads	can	persuade	the	consumers	to	

search	more	specific	features	about	the	products.	Additionally,	a	mobile	platform	may	not	

be	the	most	optimal	channel	for	viewing	products	that	require	more	consideration	during	

the	buying	process	(Wang	et	al.	2015).		
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Therefore,	we	hypothesize	that	a	retention	ad	exposure	on	a	mobile	platform	(e.g.,	a	

smartphone)	 is	 likely	to	 lead	the	consumer	to	view	the	advertised	products	on	a	desktop	

platform	(e.g.,	a	desktop	or	a	tablet)	subsequently.	

Hypothesis	 2:	 For	 multi-device	 consumers,	 while	 on	 smartphones,	 seeing	 a	

retention	 ad	 journey	 is	 associated	 with	 a	 higher	 probability	 of	 subsequent	 view	 on	 a	

desktop	or	a	tablet.	

	

5.3	Data	

Our	 individual-level	clickstream	data	come	from	an	automotive	website	 in	the	U.S,	

which	is	the	same	data	source	as	in	the	previous	chapters.	The	difference	from	the	previous	

chapters	is	that	the	sample	in	this	chapter	is	randomly	drawn	from	the	consumers	who	use	

multi-device/multi-screen	 (i.e.,	 consumers	 who	 shopped	 for	 products	 by	 using	 multiple	

devices	with	different	 screen	 sizes)	 during	 their	web	browsing	 activities	 on	 the	website.	

The	device	 types	may	 include	 laptop/desktop,	smartphones,	 tablets.	The	sample	 includes	

both	 lead	submitters	and	non-lead	submitters.	We	categorized	the	sessions	by	the	device	

used,	website	session,	and	vehicle	viewed	by	the	consumer.		

	
Table	29:	Summary	Statistics	

Variable	 Value	

Number	of	sessions	 30,484	

Number	of	sessions	on	desktop/laptop	 17,935	

Number	of	sessions	on	tablets	 11,112	
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Number	of	sessions	on	mobile	 1,437	

Pages	per	session	 7.86	

Number	of	consumers	 3,812	

Number	of	lead-submitting	consumers	 1,367	

	

Table	30:	Variable	Description	

Variable	 Description	

lead_mm	
A	dependent	variable	indicating	that	the	consumer	

submitted	a	lead	for	the	vehicle	(used	in	Model	1)	

viewed_on_desktop	

A	dummy	variable	indicating	that	the	consumer	

viewed	the	vehicle	using	a	desktop	anywhere	in	his	

searches	(used	in	Model	1)	

viewed_on_tablet	

A	dummy	variable	indicating	that	the	consumer	

viewed	the	vehicle	using	a	tablet	anywhere	in	his	

searches	(used	in	Model	1)	

lead_is	

A	dependent	variable	indicating	that	the	consumer	

submitted	a	lead	for	the	vehicle	in	the	current	

session	s	(used	in	Model	2)	

desktop_is	

A	dummy	variable	indicating	that	the	consumer	

viewed	the	vehicle	using	a	desktop	in	the	current	

session	s	(used	in	Model	2)	

tablet_is	

A	dummy	variable	indicating	that	the	consumer	

viewed	the	vehicle	using	a	tablet	in	the	current	

session	s	(used	in	Model	2)	

to_desktop_or_tablet	

A	dependent	variable	indicating	whether	the	shopper	

i	viewed	the	vehicle	j	using	a	desktop	platform	in	any	

subsequent	session	(used	in	Model	3)	

viewretad_prev_is_on_mobile	 A	dummy	variable	indicating	whether	the	shopper	i	
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was	exposed	to	a	retention	ad	of	the	product	on	a	

mobile	platform	previously	(used	in	Model	3)	

cum_sessions_prev_is	
Number	of	sessions	viewed	by	consumer	i	before	the	

current	session	s	(used	in	Model	2	and	Model	3)	

Day	of	week	dummy	variables		 Six	dummy	variables	for	the	day	of	the	week	

Vehicle	body	type	dummy	variables	 Six	dummy	variables	for	the	vehicle	body	type	

msrp	
MSRP	price	of	the	vehicle	viewed	by	consumer	i	in	

the	session	s	

marketshare	
Market	share	of	the	vehicle	brand	viewed	by	

consumer	i	in	the	session	s	

A	quarter	of	the	year	dummy	

variable	

Three	dummy	variables	of	the	quarter	of	the	year,	

accounting	for	seasonality	

viewretad_prev_is	
A	dummy	variable	indicating	whether	consumer	i’s	

viewed	a	retention	ad	of	the	vehicle	before	session	s	

		
	

5.4	Preliminary	Analysis	and	Discussion	

I	characterize	the	empirical	model	in	a	fixed-effects	model	to	capture	the	individual	

heterogeneity.	 Fixed	 effects	models	 are	widely	 used	 in	 econometric	 studies	 (e.g.,	 Allison	

2009,	Wooldridge	2010).	This	type	of	empirical	model	provides	a	simple	way	to	control	for	

unobserved	heterogeneity	and	is	therefore	popular	in	many	fields	and	in	particular	in	the	

social	sciences	(Einav	and	Levin	2014).	 In	econometrics,	 fixed-effects	models	are	popular	

to	control	 for	unobserved	heterogeneity	 in	data	sets	with	a	panel	structure.	 In	non-linear	

models,	this	is	usually	done	by	including	a	dummy	variable	for	each	level	of	a	fixed-effects	

category.	 However,	 Brute	 force	 estimation	 of	 this	 type	 of	 model	 can	 quickly	 become	

infeasible	 due	 to	 computational	 limitations	 if	 the	 number	 of	 levels	 and/or	 fixed	 effects	
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categories	 increases	 (Stammann	 2018).	 This	 problem	 is	 solved	 by	 providing	 a	 fast	 and	

memory-efficient	algorithm	suggested	by	Stammann	(2018)	based	on	 the	combination	of	

the	Frisch-Waugh-Lovell	theorem	and	the	method	of	alternating	projections.	The	predictor	

of	our	fixed	effects	model	takes	the	following	form:	

y = 	bV1α1

2

13+

+bC4γ4

5

43+

+ Xβ	,	

where	the	matrix	V	is	the	dummy	encoding	of	the	I-dimensional	categorical	variable	

representing	each	consumer,	and	C	is	the	dummy	encoding	of	the	I-dimensional	categorical	

variable	representing	each	vehicle	brand.	X	contains	the	predictor	variables,	β	is	referred	to	

as	 the	 parameters.	 α	 and	 γ	 are	 the	 fixed	 effects	 controlling	 for	 the	 unobserved	

heterogeneity	of	consumers	and	vehicle	brands,	respectively.	

Hypothesis	1	is	tested	by	using	a	binary	logit	model	including	individual	(consumer)	

fixed	 effects.	 Each	 observation	 represents	 each	website	 session	 s	 that	 shopper	 i	 viewed	

each	 vehicle	 j.	 The	 dependent	 variable	 is	 'lead_is',	which	 is	 a	 dummy	 variable	 indicating	

whether	the	shopper	i	submitted	a	lead	for	the	vehicle	j	in	session	s.	The	key	independent	

variable	is	'desktop_is',	which	is	a	dummy	variable	indicating	whether	the	shopper	i	viewed	

the	 vehicle	 j	 using	 a	 desktop	 in	 session	 s.	 The	 coefficient	 of	 ‘desktop_is’	 in	 Table	 31	 is	

positive	and	significant,	which	helps	to	support	the	hypothesis	by	showing	that	a	desktop	

session	is	associated	with	a	higher	probability	of	conversion.	
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Table	31:	Results	from	Testing	Hypothesis	1	

DV:	lead_is	 Estimate	 Std.	Error	 Pr(>|z|)	 Hypothesis	

desktop_is	 2.5189***	 0.42974	 4.59E-09	 H1	

tablet_is	 2.0563***	 0.43944	 2.88E-06	 	

cum_sessions_prev_is	 -0.0212**	 0.00698	 2.36E-03	 		

monday	 0.5009***	 0.15015	 8.50E-04	 		

tuesday	 0.1258	 0.15426	 4.15E-01	 		

wednesday	 0.1693	 0.15816	 2.84E-01	 		

thursday	 0.0705	 0.15959	 6.59E-01	 		

friday	 0.2123	 0.15443	 1.69E-01	 		

saturday	 0.2532*	 0.14838	 8.80E-02	 		

sedan	 -0.0738	 0.25142	 7.69E-01	 		

suv	 0.0843	 0.23336	 7.18E-01	 		

truck	 -0.2260	 0.36169	 5.32E-01	 		

van	 0.1699	 0.34874	 6.26E-01	 		

sport	 0.2049	 0.29392	 4.86E-01	 		

hatchback	 0.0742	 0.28109	 7.92E-01	 		

log_msrp	 -0.2878	 0.26442	 2.76E-01	 		

marketshare	 0.0609***	 0.00971	 3.43E-10	 		

q1	 0.0534	 0.30912	 8.63E-01	 		

q2	 0.1127	 0.2868	 6.94E-01	 		

q3	 0.1278	 0.22726	 5.74E-01	 		

	

In	order	to	test	the	hypothesis	2,	each	observation	represents	each	website	session	s	

that	 shopper	 i	 viewed	 each	 vehicle	 j.	 The	 dependent	 variable	 is	 ‘to_desktop_or_tablet’,	

which	 is	a	dummy	variable	 indicating	whether	 the	shopper	 i	viewed	the	vehicle	 j	using	a	

desktop	 platform	 in	 any	 subsequent	 session.	 The	 key	 independent	 variable	 is	
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‘viewretad_prev_is_on_mobile’,	which	is	a	dummy	variable	indicating	whether	the	shopper	i	

was	 exposed	 to	 a	 retention	 ad	 of	 the	 product	 on	 a	 mobile	 platform	 previously.	 The	

coefficient	 of	 ‘viewretad_prev_is_on_mobile’	 in	Table	32	 is	positive	 and	 significant,	which	

supports	the	hypothesis	2	that	while	on	mobile	smartphones,	seeing	a	retention	ad	leads	to	

a	 higher	 probability	 of	 subsequent	 view	 on	 a	 desktop	 platform	 (e.g.,	 a	 desktop	 or	 tablet	

device).	

Table	32:	Results	from	Testing	Hypothesis	2	

DV:	to_desktop_or_tablet	 Estimate	 Std.	Error	 Pr(>|z|)	 Hypothesis	
viewretad_prev_is_on_mobile	 5.31E+01***	 3.02E-07	 <	2.2e-16	 H2	
cum_sessions_prev_is	 -1.23E-08*	 5.77E-09	 0.033008	 		
monday	 -2.00E-08	 3.57E-07	 0.955337	 		
tuesday	 -1.39E-08	 4.71E-07	 0.976518	 		
wednesday	 4.39E-07	 4.34E-07	 0.311493	 		
thursday	 1.04E-06*	 6.02E-07	 0.082675	 		
friday	 6.60E-07*	 3.69E-07	 0.073678	 		
saturday	 5.73E-07	 3.73E-07	 0.124471	 		
sedan	 -4.52E-07**	 1.47E-07	 0.002066	 		
suv	 -8.70E-07***	 1.40E-07	 5.77e-10	 		
truck	 2.79E-06	 3.32E-06	 0.400758	 		
van	 2.96E-06	 3.76E-06	 0.43038	 		
sport	 -4.31E-07	 2.89E-07	 0.135305	 		
hatchback	 9.50E-08	 3.42E-07	 0.780856	 		
log_msrp	 -2.90E-07	 3.61E-07	 0.421975	 		
marketshare	 -2.36E-08	 2.27E-08	 0.298682	 		
submittedlead_prev_is	 5.25E-08	 7.22E-08	 0.467634	 		
q1	 2.50E-07	 5.72E-07	 0.661453	 		
q2	 9.65E-07*	 5.75E-07	 0.093309	 		
q3	 6.50E-07	 5.80E-07	 0.263021	 		
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5.5	Conclusions	

The	growth	of	multiple	device	consumers	 is	expanding	the	scope	of	online	display	

advertising	by	increasing	access	to	consumers	at	multiple	touchpoints.	This	has	resulted	in	

important	 implications	 for	 several	 dimensions	 of	 online	 advertisements	 from	 the	 firms’	

perspectives.	 The	 use	 of	 both	 desktop	 and	 mobile	 platforms	 has	 also	 led	 to	 significant	

changes	in	how	consumers	view	and	perceive	advertisements.	This	has	produced	a	rich	set	

of	 research	 issues.	 While	 mobile	 marketing,	 which	 is	 the	 planning	 and	 execution	 of	 all	

mobile-based	marketing	activities	that	influence	a	consumer	along	and	beyond	the	path-to-

purchase	 is	 growing	 rapidly,	 and	 the	 number	 of	 consumers	 who	 use	 multiple	 devices	

during	 their	 purchase	 journey	 has	 been	 increasing,	 not	 much	 is	 known	 about	 this	

phenomenon	(Shankar	et	al.	2016,	Google	2016).	

In	 this	 chapter,	 I	 addressed	 this	 gap	 by	 conducting	 an	 empirical	 analysis	 to	

understand	the	online	search	behavior	of	consumers	who	use	multiple	devices	(i.e.,	mobile	

and	desktop	platforms).	First,	 I	 found	that	 for	consumers	who	use	multiple	platforms	 for	

online	product	searches,	viewing	a	product	on	a	desktop	platform	anywhere	in	their	online	

searches	is	associated	with	a	higher	probability	of	conversion.	Moreover,	when	a	consumer	

is	 exposed	 to	 an	 ad	 on	 smartphones,	 it	 is	 associated	 with	 a	 higher	 probability	 that	 the	

consumer	 views	 the	 advertised	 product	 on	 a	 desktop	 platform	 subsequently.	 This	 study	

provides	managerial	 implications	by	assisting	 firms	to	gain	 insights	regarding	consumers	

who	 use	 multiple	 online	 platforms	 for	 product	 searches,	 and	 therefore,	 these	 findings	
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would	help	 firms	 to	 increase	 the	efficiency	of	advertising	budget	allocation	across	online	

platforms.	
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CHAPTER	6.	Concluding	Remarks	

This	dissertation	aims	 to	describe	how	online	display	advertising	strategies	 shape	

consumers’	online	search	behavior	by	presenting	the	empirical	analysis	of	consumer	online	

clickstream	data	 set	 obtained	 in	 collaboration	with	 a	 large	U.S.	 automotive	website.	 This	

chapter	concludes	the	dissertation.	I	will	first	summarize	my	study	as	well	as	the	empirical	

findings.	 I	 will	 then	 briefly	 discuss	 the	 key	 contributions	 that	 this	 dissertation	 presents.	

Finally,	I	will	introduce	additional	avenues	of	research	that	future	research	may	undertake	

to	contribute	 to	a	more	complete	understanding	of	consumers’	online	search	behavior.	A	

summary	of	the	main	findings	and	contributions	is	presented	in	Section	6.1,	while	Section	

6.2	contains	directions	for	future	study. 

6.1	Summary	of	the	Main	Conclusions 

This	 dissertation	 has	 largely	 focused	 on	 understanding	 consumers’	 online	 search	

behavior	and	the	effects	of	online	display	advertising	strategies	by	using	online	individual	

clickstream	 data	 set.	 This	 section	 summarizes	 the	 main	 conclusions.	 The	 introductory	

Chapter	 1	 is	 excluded	 from	 this	 discussion	 because	 it	 does	 not	 contain	 new	 research	

material.	

Chapter	 2	 introduced	 the	 theme	 of	 this	 dissertation	 by	 presenting	 data	

visualizations	of	a	sample	of	consumer	search	history	data	set.	The	data	visualizations	are	

segmented	 into	 consumers	who	 searched	 in	 a	 focused	 vs.	 broad	way.	 The	main	 findings	

from	 this	 chapter	 are	 that,	when	 comparing	 focused	 consumers	 (i.e.,	 consumers	who	are	
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possibly	 further	 in	 the	 shopping	 process)	 vs.	 broad	 consumers	 (i.e.,	 consumers	who	 are	

possibly	earlier	 in	the	shopping	process),	 the	 focused	consumers	conduct	more	extensive	

research	 on	 a	 limited	 set	 of	 vehicles	 than	 broad	 consumers.	 To	 clarify,	 the	 focused	

consumers	 engaged	 in	 more	 sessions	 per	 make,	 viewed	 more	 consideration	 pages	 per	

make,	and	viewed	fewer	models	per	make	than	the	broad	consumers.	

Chapter	3	dealt	with	 further	 exploration	of	 consumers’	 online	 search	behavior.	 In	

addition	 to	 Chapter	 2,	 the	 goal	 of	 Chapter	 3	 is	 to	 understand	 how	 online	 display	

advertisements	affect	consumers’	online	search	behavior.	By	using	a	unique	panel	data	set	

of	 consumers’	 clickstreams	 from	 a	 U.S.	 automotive	 website,	 I	 estimated	 the	 effects	 of	

advertising	 on	 consumers’	 online	 product	 search	 behavior.	 I	 conducted	 an	 empirical	

analysis	by	focusing	on	an	effect	of	a	specific	type	of	online	advertising	strategy,	which	is	

retention	 advertising	 (i.e.,	 the	 advertising	 strategy	 designed	 by	 matching	 ad	 product	

category	to	the	website	content	the	user	is	browsing).	In	an	observational	study	context,	a	

self-selection	bias	is	known	to	be	a	serious	problem.	To	alleviate	the	potential	self-selection	

and	 other	 treatment	 selection	 biases,	 I	 utilized	 the	 viewability	 of	 the	 display	

advertisements	 to	 imitate	 the	 exogeneity	 of	 a	 randomized	 experiment	 (Ghose	 and	 Todri	

2016).	This	method	resembles	a	quasi-experiment	by	creating	 two	groups	of	 consumers:	

those	who	are	exposed	 to	 the	display	advertisements	and	 those	who	are	not,	while	Both	

groups	 are	 targeted	 by	 the	 same	 targeting	 criteria	 and	 marketing	 campaign.	 Besides,	 I	

accounted	 for	 the	 consumer	 stage	of	 search	by	using	a	proxy	variable	 that	 is	 an	 entropy	

measuring	the	diversity	of	products	searched	within	each	website	session	(e.g.,	Abhishek	et	

al.	 2012).	 The	 main	 conclusions	 follow	 from	 the	 findings	 in	 Chapter	 3	 reveal	 that	 the	
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effectiveness	 of	 retention	 advertising	 on	 influencing	 consumers	 to	 consider	 more	

information	about	the	advertised	product.	Exposing	to	retention	ads	of	the	product	when	

consumers	 are	 already	 viewing	 the	 product	 is	 effective	 in	 motivating	 more	 intensive	

searches	and	in	boosting	revisit	of	the	product	webpage.	

Chapter	4	provided	a	more	 in-depth	analysis	 regarding	 the	effectiveness	of	online	

display	 advertising	 strategies	 on	 consumers’	 online	 product	 search	 behavior.	 Using	 data	

from	 the	 collaborating	 U.S.	 automotive	 website,	 my	 main	 objective	 in	 this	 chapter	 is	 to	

understand	consumers’	search	behavior	after	being	exposed	to	a	conquest	advertisement.	

A	conquest	advertising	strategy	is	when	firms	use	advertisements	to	reach	consumers	who	

are	considering	their	competitors’	products	(e.g.,	Samsung	can	place	conquest	ads	next	to	a	

publisher’s	review	article	on	Apple’s	newly	launched	iPhone).	To	identify	a	conquest	ad,	I	

compared	the	advertised	product	(i.e.,	vehicle	brand	on	the	ad)	with	the	product	shown	on	

the	webpage	where	the	ad	was	placed.	 If	 the	brand	of	 the	advertised	product	 is	different	

from	the	brand	of	the	product	shown	on	the	webpage,	the	ad	is	identified	as	a	conquest	ad.	

Moreover,	 in	 this	 chapter,	 I	 also	 considered	 the	 association	 between	 consumers’	 online	

search	behavior	 and	purchase	 intention.	The	 conclusions	 follow	 from	 the	key	 findings	 in	

Chapter	 3	 unveil	 that	 if	 a	 consumer	 views	 a	 product	 after	 having	 been	 exposed	 to	 its	

conquest	advertisement	previously,	then	the	consumer	is	likely	to	conduct	a	less	intensive	

view	of	the	product	 information	webpage	than	those	consumers	who	viewed	the	product	

even	when	they	have	not	been	exposed	to	the	vehicle’s	conquest	advertisement	previously.	

Nonetheless,	the	earlier	the	conquest	ads	were	shown	to	the	consumers,	the	more	effective	

in	motivating	more	intensive	later	search	and	revisit	of	the	product	webpages.	
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Finally,	 for	 Chapter	 5,	 in	 contrast	 with	 Chapters	 3	 and	 4	 where	 the	 empirical	

analysis	only	restricted	to	consumers	who	only	used	a	desktop	platform	for	online	product	

searches,	the	analysis	in	Chapter	5	aims	to	explain	the	online	search	behavior	of	consumers	

who	 used	 multiple	 platforms	 (i.e.,	 desktop	 and	 mobile	 platforms)	 for	 online	 product	

searches.	The	 findings	 in	Chapter	5	provide	 the	 following	 insights	 into	 the	online	 search	

behavior	 of	 consumers	 who	 use	 multiple	 website	 platforms.	 First,	 I	 found	 that	 if	 these	

consumers	viewed	a	product	on	a	desktop	platform	anywhere	in	their	online	searches,	it	is	

associated	with	 a	 higher	 probability	 of	 conversion	 (e.g.,	 submitting	 a	 lead).	 Additionally,	

when	these	consumers	were	exposed	to	a	product	advertisement	on	a	mobile	platform,	it	is	

associated	with	a	higher	probability	that	the	consumers	viewed	the	advertised	product	on	

a	desktop	platform	subsequently.	

The	findings	from	Chapters	3	and	4	contribute	to	the	literature	on	consumer	online	

shopping	 behavior	 (e.g.,	 Bucklin	 and	 Sismeiro	 2009,	 Lin	 et	 al.	 2010,	 Bronnenberg	 et	 al.	

2016,	Mallapragada	et	al.	2016)	and	the	literature	on	the	effect	of	online	ads	on	consumer	

product	search	(e.g.,	Chen	et	al.	2001,	Dreze	and	Hussherr	2003,	Iyer	et	al.	2005,	Lewis	and	

Reiley	 2009,	 Avi	 and	 Tucker	 2011,	 Zhu	 and	 Wilbur	 2011,	 Goldfarb	 2014,	 Agarwal	 and	

Mukhopadhyay	2016).	Chapters	3	and	4	also	provide	managerial	implications	by	rendering	

insights	 regarding	 the	 utilization	 of	 retention	 and	 conquest	 online	 display	 advertising	

strategies	 and	 offering	 consumer	 behavioral	 metrics	 (e.g.,	 consumer	 product	 search	

intensity	and	product	revisit)	for	measuring	the	ad	effectiveness.	

The	findings	from	Chapter	5	helps	to	fill	the	gap	in	Chapters	3	and	4	by	addressing	

the	online	search	behavior	of	consumers	who	use	multiple	platforms	and	contributes	to	the	
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literature	on	information	search	on	multiple	devices	(e.g.,	Biswas	and	Biswas	2004,	Ghose	

et	 al.	 2013,	 Brasel	 and	 Gips	 2014,	 Wang	 et	 al.	 2015)	 and	 the	 literature	 on	 measuring	

multichannel	advertising	effectiveness	(e.g.,	Zantedeschi	et	al.	2013).	The	key	findings	from	

Chapter	5	would	assist	 firms	 in	 improving	 the	 efficiency	of	 advertising	budget	 allocation	

across	multiple	online	platforms.	

6.2	Directions	for	Future	Study	

The	 empirical	 study	 from	 this	 dissertation	 could	 be	 extended	 in	 many	 different	

directions	 depending	 on	what	 data	 are	 available	 and	which	 decisions	 the	 firms	want	 to	

focus	on.	This	study	also	has	data	limitations.	To	illustrate,	the	advertising	data	in	our	data	

set	only	contains	the	product	brand	on	the	advertisement,	if	the	data	included	information	

about	the	specific	contents	on	the	display	advertisements	(e.g.,	 the	messages	on	the	ads),	

future	research	could	estimate	the	effects	of	advertising	messages	on	leading	consumers	to	

search	for	the	specific	product	information.	If	there	was	more	information	about	individual	

customer’s	demographic	data,	future	research	could	develop	more	complex	models	of	how	

advertising	 affects	 consumers	 and	 also	 account	 for	 consumers’	 heterogeneity.	

Furthermore,	my	empirical	analysis	is	based	on	an	automotive	website.	The	results	may	be	

different	 for	 other	 types	 of	 products.	 The	 results	 may	 also	 differ	 if	 the	 data	 for	 the	

consumers’	 online	 searches	 on	 other	 websites	 as	 well	 as	 offline	 product	 searches	 were	

available.	Moreover,	I	do	not	have	the	data	regarding	other	advertising	efforts	of	the	firms	

such	 as	 e-mail,	 postal	mail,	 and	 paid	 search	 advertising	 on	 search	 engines.	 I	 also	 do	 not	

have	 the	 data	 for	 product	 purchases	 in	 addition	 to	 lead	 submissions.	 If	 more	 purchase-
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related	data	(e.g.,	date	of	purchase,	purchase	price,	purchase	product	details)	are	available,	

the	empirical	models	could	be	 improved.	 I	hope	that	 this	dissertation	encourages	 further	

research	in	the	important	area	of	consumers’	online	search	behavior.	




