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ABSTRACT	
In	1991	the	researchers	at	the	center	for	the	Learning	Sciences	
of	 Carnegie	 Mellon	 University	 were	 confronted	 with	 the	
confusing	question	of	“where	is	AI”	from	the	users,	who	were	
interacting	 with	 AI	 but	 did	 not	 realize	 it.	 Three	 decades	 of	
research	 and	we	 are	 still	 facing	 the	 same	 issue	with	 the	 AI-
technology	users.	 In	the	 lack	of	users’	awareness	and	mutual	
understanding	of	AI-enabled	systems	between	designers	and	
users,	informal	theories	of	the	users	about	how	a	system	works	
(“Folk	 theories”)	 become	 inevitable	 but	 can	 lead	 to	
misconceptions	 and	 ineffective	 interactions.	 To	 shape	
appropriate	mental	models	of	AI-based	systems,	explainable	AI	
has	been	suggested	by	AI	practitioners.	However,	a	profound	
understanding	 of	 the	 current	 users’	 perception	 of	 AI	 is	 still	
missing.	In	this	study,	we	introduce	the	term	“Perceived	AI”	as	
“AI	defined	from	the	perspective	of	its	users”.	We	then	present	
our	 preliminary	 results	 from	 deep-interviews	 with	 50	 AI-
technology	users,	which	provide	 a	 framework	 for	 our	 future	
research	approach	towards	a	better	understanding	of	PAI	and	
users’	folk	theories.	
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1	 Introduction	
In	 1991,	 a	 few	 artiSicial	 intelligence-enabled	 prototypes	 of	
higher	 education	 programs	 were	 successfully	 used	 at	 the	
center	for	the	Learning	Sciences	of	Carnegie	Mellon	University.	
Thereby,	 researchers	 were	 frequently	 confronted	 with	 the	
puzzling	question	of	“Where	is	AI”	by	the	confused	users	who	
did	not	recognize	AI	in	the	interaction	[1].	Schank	considered	
the	 mismatch	 between	 the	 prototypes	 and	 the	 then-current	
users’	deSinition	of	AI	as	the	main	reason	for	this	phenomenon	
[1].	 Thus,	 he	 analyzed	 different	 viewpoints	 on	 AI	 and	
distinguished	between	the	four	following	groups:	

1. AI	means	magic	bullets:	A	machine	 is	 intelligent	 if	 it	
builds	unanticipated	connections.	

2. AI	means	inference	engines:	A	machine	is	intelligent	if	
it	turns	experts’	knowledge	into	rules.	

3. AI	means	getting	a	machine	to	do	something	you	didn’t	
think	 a	 machine	 could	 do	 (the	 “gee	 whiz”	 view):	 A	
machine	is	intelligent	if	it	does	a	task	that	no	machines	
have	ever	done	before.		

4. AI	 means	 machines	 that	 can	 learn:	 A	 machine	 is	
intelligent	if	it	can	learn	by	itself.			

Over	the	three	decades	ever	since,	AI	enjoyed	an	increasingly	
growing	attention	 from	researchers	and	 the	 leading	 industry	
[2]–[5].	 Nevertheless,	 regarding	 the	 public	 perception	 of	 AI,	
several	 studies	 have	 shown	 that	 even	 today,	 users	 cannot	
realize	that	they	are	interacting	with	an	AI-enabled	technology	
[6]–[11].	What	makes	the	problem	worse	is	that	deSining	AI	is	
a	confusing	task,	not	only	for	the	users	with	no	computational	
background	but	even	for	the	researchers	and	AI	practitioners	
[7],	[12].	This	is,	among	others,	due	to	the	evolution	of	the	term	
over	 time,	 and	 that	 it	 has	 never	 represented	 one	 speciSic	
technology	 in	 one	 speciSic	 period	 [5],	 [11].	 As	 a	 result,	 the	
current	 limited	 perception,	 misconceptions,	 and	 unrealistic	
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expectations	of	AI	(e.g.	Superhuman	fallacy)	[7],	[14],	not	only	
prompt	 frustration	by	unmet	users’	 desires	but	 also	 restrain	
effective	interaction	and	collaboration	with	AI	[7],	[15].		
To	 elaborate	 further,	 individuals	 create	 informal	 theories	
(“Folk	theories”)	to	be	able	to	perceive	how	a	system	works	and	
interact	with	it,	which	are	not	necessarily	accurate	and	realistic	
[17].	 With	 the	 widespread	 use	 of	 recommender	 systems,	
collaborative	 Siltering,	 and	 personalized	 services,	 there	 is	 an	
undeniable	need	for	active	interaction	of	the	users	with	these	
intelligent	agents	[16],	[17].	However,	the	misconceptions	and	
limited	 folk	 theories	 lead	 to	 active	 but	 not	 effective	
interactions,	which	often	fail	to	bring	the	desired	success	and	
cause	frustration	among	users,	instead	[7].		
There	 is	 a	 huge	 body	 of	 research	 on	 explainable	 AI	 [18]	 to	
support	users’	understanding	of	an	AI-based	system	and	Sight	
against	 the	 misconceptions	 and	 incomplete	 mental	 models	
[19]–[21].	However,	previous	scholars	have	neglected	the	pre-
existing	 informal	 theories	 of	 the	 users	 on	 how	 these	 system	
work	[20],	and	some	of	them	have	admitted	that	their	reported	
results	 on	 users’	 perception	were	 primarily	 and	 fragmented	
[22].		
To	contribute	to	closing	this	gap	we	need	to	take	one	step	back	
by	 investigating	 the	 current	public	perception	of	AI.	 For	 this	
aim,	 we	 introduce	 the	 term	 “Perceived	 AI”	 as	 an	 evolving	
phenomenon	 and	 investigate	 its	 aspects	 and	 dimension	 in	
comparison	with	AI	form	the	point	of	view	of	its	designers.	By	
acknowledging	the	fact	that	XAI	does	not	shape	the	appropriate	
mental	 models,	 but	 reshapes	 those	 already	 existing,	 and	
analyzing	users’	pre-perception	and	theories,	we	will	take	two	
steps	 forward	 and	will	 be	 able	 to	 evaluate	 XAI-system	more	
effectively.	

2	 Research	background		
The	 foundation	 of	 this	 study	 is	 grounded	 in	 three	 research	
areas,	namely	the	previous	research	on	public	acceptance	and	
awareness	of	AI-enabled	systems,	design	of	more	explainable	
AI-systems,	and	the	users’	theories	and	mental	models	of	how	
a	 speciSic	AI-enabled	system	works	 (e.g.	 intelligent	agents	or	
Internet	 of	 Things).	 Therefore,	 we	 Sirst	 outline	 previous	
research	 and	 related	 terms	 in	 the	 context	 of	 public	
understanding	of	AI,	namely	acceptance,	trust,	and	awareness.	
We	 then	move	 to	 clarify	 the	 necessity	 for	 more	 explainable	
systems	to	support	users’	interaction	with	AI.	Finally,	we	will	
discuss	how	public	informal	theories	on	AI-systems	have	been	
investigated	distributedly	within	the	realm	of	four	AI-enabled	
systems	and	services.		

2.1	Public	acceptance	and	awareness	of	AI	
If	we	 take	a	 look	at	 the	 several	 large-scale	 reports	on	public	
acceptance	 and	 trust	 regarding	 AI-enabled	 technologies,	 we	
recognize	an	increasing	positive	tendency	towards	AI.	To	begin	
with,	in	a	survey	conducted	by	the	British	Science	Association	
with	over	2000	responds	in	2015,	one-third	of	the	respondents	
considered	the	rise	of	AI	as	a	danger	for	mankind	[23].	In	2017	

some	researchers	indicated	that	users	still	felt	uncomfortable	
with	AI	making	decisions	on	their	behalf,	however,	the	majority	
of	the	27,901	interviewed	EU	citizens	had	a	generally	positive	
view	about	robots	and	AI	[19],	[21],	[25].	Moving	to	the	more	
recent	 surveys,	 we	 will	 see	 greater	 support	 from	 users	 for	
future	AI	developments	[9].		
Apart	from	trust	and	acceptance,	the	perception	of	AI	has	also	
been	discussed	as	AI-awareness.	In	a	study	from	HubSpot	with	
over	 1,400	 consumers	 worldwide,	 the	 results	 revealed	 that	
63%	 of	 those	 claiming	 not	 to	 use	 AI-tools	 were	 using	 them	
without	 being	 aware	 of	 it	 [6].	 Pega-systems	 conSirmed	 these	
Sindings	by	research	on	5000	consumers,	in	which	only	34%	of	
the	respondent	agreed	they	had	used	an	AI-technology	before.	
However,	 in	 reality,	 84%	 of	 them	 had	 already	 used	 these	
technologies	[8].		
Furthermore,	researchers	of	the	Center	for	the	Governance	of	
AI	 at	 the	University	of	Oxford	 found	out	 that	 the	majority	of	
users	 believed	 virtual	 assistants,	 smart	 speakers,	 driverless	
cars,	 social	 robots,	 and	 autonomous	 drones	 use	 AI	 but	
Facebook	 photo	 tagging,	 Google	 Search,	 NetSlix	 or	 Amazon	
recommendations,	and	Google	Translate	do	not	use	AI	[22].	The	
results	 from	Northstar	 survey	with	3804	consumers	 in	2020	
also	 indicated	 a	 signiSicant	 difference	 in	 recognition	 of	
‘invisible	AI’	(i.e.	AI-algorithms	behind	the	scenes)	and	‘visible	
AI’	 (i.e.	 tangible	 AI	 devices).	 Here,	 90%	 of	 the	 respondents	
knew	voice	assistants	are	AI-enabled,	however,	almost	a	third	
of	 them	 did	 not	 consider	 social	 media	 as	 an	 AI-based	
technology	[9].	Davies	argued	for	the	dependency	of	the	public	
awareness	 of	 AI	 on	 the	 visibility	 of	 its	 application	 [9].	
Nonetheless,	 this	 study	shows	 that	users	do	not	deSine	AI	as	
humanoids	and	know	the	difference	between	sci-Si	and	reality	
[9].		
By	distinguishing	between	public	perception	of	AI	and	public	
acceptance,	 trust,	 and	 awareness,	 we	 aim	 at	 contributing	 to	
closing	the	existing	gap	in	the	literature	and	study	AI	deSinition	
and	 informal	 theories	on	how	AI-enabled	 technologies	work,	
from	the	perspective	of	the	users.		

2.2	Designing	for	explainable	technology		
To	move	towards	a	more	transparent	design	of	technology	and	
address	trust	concerns	[18],	 “Explainable	AI”	was	 introduced	
as	 AI	 systems	 wherein	 the	 activities	 can	 be	 effortlessly	
comprehended	and	examined	by	humans	[26].	Van	Lent	et	al.	
[27]	used	the	term	for	the	Sirst	time	in	2004	for	explaining	the	
behavior	 of	 the	 AI-enabled	 elements	 in	 the	 simulation	
applications.	 As	 of	 time,	 scholarly	 community	 and	
professionals	 have	 paid	 renewed	 attention	 to	 explainable	 AI	
[18].		
By	 reSining	 users’	mental	models	 of	 AI-enabled	 systems	 and	
resolving	their	misconceptions,	XAI	promises	a	more	effective	
performance	of	the	users	[21].	However,	previous	researchers	
have	 criticized	XAI	 for	 resulting	 in	 less	efSicient	 systems	and	
less	Slexible	and	capable	output	[18],	[28].	To	tackle	this	issue,	
XAI	researchers	have	argued	that	explanations	are	not	always	
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necessary	 and	 introduced	 speciSic	 application	 domains	 in	
which	 they	can	bring	signiSicant	beneSits	 (e.g.	healthcare	and	
military)	[18],	[28],	[29].	In	this	regard,	Molnar	[28]	introduces	
human-friendly	 explanations	 as	 selected	 and	 focused	 on	 the	
abnormal.	 In	 other	 words,	 he	 suggests	 that	 people	 do	 not	
expect	complete	explanations	that	cover	a	full	list	of	causes,	but	
they	rather	expect	them	to	explain	why	a	system	behaved	in	the	
way	they	did	not	expect	[28].			
We	need	to	bear	 in	mind	that	users	were	already	 interacting	
with	AI-enabled	systems	long	before	the	relatively	new	trend	
of	XAI	was	considered	and	applied	to	design	[18].	And	as	the	
operation	 of	 these	 systems	 was	 opaque,	 they	 have	 often	
developed	 theories	 of	 how	 they	work	 (folk	 theories)	 to	 plan	
their	interaction	with	them	[30]–[33].	Folk	theories	perform	as	
a	 frame	 for	 forming	 users’	 expectations	 [33].	 Therefore,	
understanding	them	is	not	only	helpful	for	designing	effective	
explanations	 but	 is	 also	 necessary	 for	 knowing	 users’	
assumptions	 and	 expectations	 of	 the	 systems.	 Hence,	 we	
propose	to	step	back	and	investigate	the	users’	understanding	
and	perception	of	AI-based	technology	and	their	pre-existing	
expectations	to	discover	more	valid	explanation	use	cases.		

2.3	Making	sense	of	technology	
To	make	sense	of	technology,	users	often	generate	folk	theories	
through	direct	 experiences	and	social	 interactions	 [30],	 [33].	
These	 informal	 theories	 explain	 how	 systems	 operate	 and	
support	users	in	responding	to	them	[33].	Therefore,	previous	
studies	have	argued	for	the	folk	theories	acting	as	a	window	to	
capture	users’	perceptions	and	assumptions	[33].	However,	the	
existing	studies	on	mental	models	and	folk	theories	in	the	field	
of	 AI	 are	 highly	 distributed	 [34].	 Hence,	 by	 dividing	 earlier	
work	 into	 different	 AI	 domains,	 we	 provide	 an	 overview	 of	
prior	 research	 on	 folks’	 theories	 and	 their	 role	 in	
understanding	 users’	 perceptions,	 misconceptions,	 and	
expectations.			
2.2.1	 Content	 curation	 algorithms	 and	 recommender	 systems	
Although	 curating,	 Siltering,	 and	 clustering	 the	 information	
form	users’	perception	of	the	world,	previous	studies	suggest	
that	 more	 than	 half	 of	 the	 users	 are	 not	 aware	 of	 content	
curation	[35].	To	address	this	gap	Eslami	et	al.	have	conducted	
several	studies	on	users’	perception	and	folk	theories	of	data	
curation	 algorithms	 [30],	 [31],	 [35].	 In	 researching	 40	
Facebook	users	to	understand	their	perception	of	the	Facebook	
News	 Feed	 curation	 algorithm,	 they	 found	 that	 65%	 of	 the	
users	 were	 completely	 unaware	 of	 it.	 They	 continued	 their	
study	by	investigating	the	perceptions	of	Facebook	users	and	
indicated	 very	 speciSic	 folk	 theories,	 ranging	 from	 curation	
based	on	users’	engagement	with	other	accounts	or	content	to	
balancing	their	friends	or	content	by	the	algorithm	[30].	DeVito	
et	 al.	 set	 the	 same	 aim	 by	 analyzing	 102,827	 tweets	 from	 a	
hashtag	related	to	rumors	on	algorithmic	curation	on	a	Twitter	
timeline	 (#RIPTwitter)	 [33].	 Their	 research	 revealed	 the	
abstract	 and	 functional	 folk	 algorithmic	 theories	 that	 deSine	
algorithms	 as	 concepts	 or	 processes	 respectively	 [33].	 They	

also	argued	that	user’s	folk	theories	inSluence	their	resistance	
to	 the	 algorithmic	 change	 and	 that	 the	 more	 explicit	 folk	
theories	will	cause	more	explicit	user	reactions	[33].		
For	 their	 in-the-Sield	 learning,	 personalized	 agents	 are	 also	
highly	dependent	on	active	users’	participation.	This	is	due	to	
the	signiSicant	role	users	play	in	adjusting	the	outputs	to	their	
expectations	and	achieving	the	desired	results	[36],	[37].	In	this	
respect,	 Kuhl	 et	 al.	 have	 investigated	 the	 interplay	 between	
users’	 mental	 models	 and	 users’	 performances	 [37].	 Among	
others,	 they	 have	 found	 that	 there	 were	 no	 consistent	
understandings	 of	 learning	 algorithms	 and	 users’	 mental	
models	that	varied	based	on	their	background	and	experiences	
[37].	In	their	study	on	a	music	recommender	system,	Kulesza	
et	al.	[36]	also	showed	the	impact	of	mental	model	soundness	
on	users’	interaction	with	the	system.	Their	study	suggests	that	
providing	 users	 with	 structural	 knowledge	 on	 their	
recommender	 systems’	 reasoning	 will	 improve	 their	 mental	
model	soundness	and	increase	their	active	participation	in	the	
interaction	for	receiving	the	desired	results	[36].			
2.2.2	 Internet	 of	 Things	 (IoT)	 Regarding	 sensor-enabled	
systems	 like	 the	 Internet	 of	 Things	 (IoT),	 users	 develop	 folk	
theories	on	how	this	data	can	be	used	rather	than	where	the	
data	comes	from	and	how	it	is	collected	in	the	Sirst	place	[38],	
[39].	Rader	and	Slaker	 [39]	showed	 in	 their	 study	 that	users	
explain	 their	 activity	 based	 on	 their	 perception	 of	 their	
performed	activities	and	 the	processed	data	provided	by	 the	
interface.	This	data	can	be	categorized	by	the	input.	Although	
users	 entered	data	 (e.g.	 age	and	weight)	 themselves	 (so	 that	
distance	 and	 calories	 were	 calculated	 based	 on	 steps	 or	
location),	 they	did	not	have	a	 full	understanding	of	their	raw	
data	[39].	Hence,	users	could	not	make	informed	decisions	for	
the	 collection	 of	 their	 personal	 data	 and	were	 not	 aware	 of	
further	 data	 processing	 and	 the	 underlying	 operating	
principles	of	the	device.		
Misconceptions	may	lead	to	unawareness	of	privacy	risks.	This	
is	 particularly	 true	 when	 information	 is	 collected	 without	
consent	 like	 in	 the	 case	 of	 Bluetooth	 Beacon	 Systems	 [40].	
Beacons	were	part	of	an	invisible	IoT	infrastructure	where	no	
direct	user	interactions	were	needed	for	entering	personal	data	
(e.g.	location).	In	their	study,	Yao	et	al.	[40]	used	drawing	as	a	
methodology	 to	 reveal	 user’s	 folk	 theories	 on	 how	 beacon-
based	systems	work.		
The	 most	 common	 misconception	 was	 that	 these	 sensors	
collect	and	store	user	information,	which	they	actually	did	not.	
Further,	they	assumed	they	initially	needed	to	actively	consent	
to	receive	location-based	information.	Finally,	most	of	the	users	
thought	that	the	location	like	the	store	or	mall	which	collected	
the	data	also	owned	the	data.	As	a	result,	users	who	consciously	
or	 unconsciously	 decided	 to	 be	 a	 part	 of	 the	 sensor-enabled	
system	had	 little	 understanding	of	 the	 actual	mechanisms	of	
raw	data	collection	and	processing.	Folk	theories	focused	more	
on	the	reasoning	of	the	visible	and	embodied	data	collection.	
2.2.3	 Robots	 Humans	 tend	 to	 anthropomorphize	

computational	 artifacts	 to	 rationalize	 their	 actions	 and	
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behavior	 that	 they	 cannot	 reasonably	 explain	 to	 themselves.	
Inaccurate	mental	models	 frequently	 deceive	 people	who	 as	
consequence	credit	autonomous	systems	with	more	capability	
and	knowledge	than	they	hold	[41].	Those	mental	models	are	
influenced	 by	 the	 appearance	 and	 physical	 attributes	 [42],	
dialogue,	personality	traits,	language,	and	origin	[41]	and	miss	
a	 clear	 understanding	 of	 mechanical	 and	 conceptual	
functionality.	 These	 attributes	 affect	 the	 credibility	 of	 robots	
[43].	 Powers	 and	Kiesler	 [43]	 showed	 that	 the	 robots’	 facial	
features	 like	 the	 dimension	 of	 forehead	 and	 chin	 impact	 the	
perception	 of	 intelligence.	 Hence,	 people	 developed	 high	
expectations	 that	 were	 not	 fulfilled	 and	 harmed	 their	
collaboration	 and	 relationship	 building	 which	 require	 their	
trust	 in	 autonomous	 systems.	 The	 anthropomorphism	 can	
support	the	users	in	their	approach	and	reactions	to	the	robot	
and	 prevent	 initial	 rejection.	 But	 it	 might	 also	 lead	 to	
misconceptions	which	have	detrimental	consequences	for	the	
outcome	of	 the	 task	 that	 even	 endanger	 human	 lives,	 like	 in	
military	 settings	 or	 critical	 workspaces	 [41].	 Therefore,	
humans	need	a	clear	and	accurate	understanding	of	how	robots	
collect	 and	 process	 data	 and	 make	 decisions	 beyond	
anthropomorphism.	
2.2.4	Conversational	Agents	Besides	the	anthropomorphism	

of	Conversational	Agents	(CA)	[44],	extensive	research	in	HCI	
explores	Voice	Interaction	and	the	adoption	of	domestic	CA.	In	
particular,	some	studies	have	investigated	the	perception	and	
understanding	 of	 the	 attributed	 intelligence	 [39],	 [44]–[47].	
Researchers	 used	 methods	 of	 drawing	 [39],	 [44],	 [45],	
interactive	 tasks	 [44],	 [46],	 [47]	 and	 interviews	 [46],	 [47]	 to	
explore	 the	 reasoning	and	explanations	of	 systems’	behavior	
that	children	of	different	ages	create.	Xu	and	Warschauer	[45]	
showed	that	children	used	behavioral	references	like	listening	
and	 talking	 to	 justify	 cognitive	 properties,	 reciprocity	 as	 an	
indicator	 for	 psychological	 properties,	 and	 biological	
references	 like	 mechanical	 causality	 or	 fantasy	 reasoning	 to	
explain	behavioral	properties.	Thus,	children’s	conceptions	of	
CA,	 with	 their	 mixed	 animated	 and	 unanimated	 elements,	
seemed	 to	be	more	multifaceted.	They	 tended	 to	 allocate	CA	
rather	to	a	continuum	between	humans	and	artifacts	than	to	a	
distinct	 category.	 Especially	 younger	 children	who	were	 less	
aware	of	the	underlying	concepts	attempted	to	make	sense	of	
computational	artifacts	by	personifying	 them.	When	children	
acknowledged	 the	 devices	 to	 be	 more	 intelligent	 than	
themselves	 [45],	 [47],	 they	 were	 more	 likely	 to	 trust	 and	
believe	 the	 information	 provided	 which	 contributed	 to	
improved	learning	[47].	Additionally,	understanding	the	user’s	
emotion	 and	 showing	 affection	 in	 reciprocity	 promotes	
learning	as	well	 [47].	To	examine	 the	 state	of	 intelligence	or	
consciousness,	 the	 study	 of	 Druga	 et	 al.	 [46]	 indicated	 that	
younger	children	asked	personal	questions	like	“what	is	your	
favorite	color?”	and	older	children	asked	the	device	to	perform	
actions	 that	 they	 knew	 humans	were	 capable	 of.	With	 prior	
technology	 experience	 or	 an	 engineering	 background	 more	
thoughtful	reasoning	was	applied	[39].	Nonetheless,	voice	and	

tone	 affected	 the	 perceived	 friendliness	 [46]	 and	 available	
input	 modalities	 communicated	 the	 expected	 level	 of	
intelligence	[46],	[47].	Further,	the	system’s	output	allows	us	to	
judge	and	interpret	the	actual	 intelligence	and	behavior	[47].	
To	enable	a	meaningful	 interaction	and	collaboration,	design	
decisions	for	the	influencing	factors	[39]	should	aim	at	meeting	
users’	expectations	or	communicating	the	actual	capabilities	of	
CA	transparently.	

3	Research	setting	and	method				
In	 this	 section	 we	 will	 explain	 our	 research	 questions	 and	
method,	then	we	will	describe	the	preliminary	results	of	a	pre-
study	 and	 how	 they	 shape	 the	 foundation	 for	 our	 future	
research	and	approach.		

3.1 Understanding	users’	perception	of	AI	
When	it	comes	to	folk	theories	and	users’	assumptions	on	how	
a	 complex	 system	 works,	 in-depth	 interviews	 as	 well	 as	
participatory	and	co-design	workshops	together	with	creative	
methods	(e.g.	sketching	and	storytelling)	have	indicated	great	
potential	 previously	 [44]-[47].	 Hence,	 we	 applied	 the	 semi-
structured	interview	method	to	form	an	initial	understanding	
of	 PAI	 and	 established	 a	 research	 framework	 for	 our	 future	
work	towards	understanding	AI	as	it	is	perceived.	Our	aim	was	
to	address	the	following	question:		

RQ1)	How	is	AI	perceived	by	users?	
RQ2)	What	are	the	common	folk	theories	about	AI?	
RQ3)	Which	 factors	 inSluence	 users’	 perceptions	 of	
AI?	
RQ4)	 What	 are	 the	 AI-related	 misconceptions	 and	
what	causes	them?	

3.2	Pre-study	and	preliminary	Nindings		
We	conducted	in-depth	interviews	with	50	AI-technology	users	
(29	 M,	 21	 F),	 including	 users	 of	 voice	 assistants,	 Sitness	
trackers,	 social	 media,	 Roboadvisors,	 and	 Recommender	
systems	 (e.g.	 in	 YouTube	 or	 NetSlix).	 The	 majority	 of	 the	
participants	were	between	20-30	years	old	and	were	familiar	
with	 the	 daily	 use	 of	 technology.	 They	 were	 recruited	 by	
convenient	 sampling	 and	 were	 not	 compensated.	 The	
interviews	were	conducted	remotely	(via	either	video	or	audio	
call)	 and	 took	 between	 20-30	 minutes.	 Apart	 from	
demographic	information	we	mainly	collected	users’	answers	
to	the	Sive	following	questions:	

1.	What	are	 three	examples	of	 artiSicial	 intelligence,	
you	can	think	of?		
2.	How	would	you	explain	to	a	friend	what	AI	is?	
3.	 Have	 you	 ever	 talked	 about	 AI	 with	 others	 (e.g.	
family,	friends,	etc.),	if	yes,	what	did	you	talk	about?		
4.	If	we	tell	you	that	AI	is	embedded	into	these	objects	
what	would	you	expect?	a)	a	door	b)	a	bank	account		
5.	If	we	tell	you	AI	will	disappear	tomorrow	what	do	
you	think	the	result	will	be?		
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With	 the	 consent	 of	 the	 participants,	 the	 interviews	 were	
audio-recorded	 and	 transcribed	 afterward.	 By	 taking	 a	
thematic	analysis	approach	and	application	of	MAXQDA	each	
interview	 was	 in-vivo	 coded	 and	 analyzed	 by	 two	 different	
researchers.	 In	 the	 following,	 our	 Sirst	 Sindings	 will	 be	
described.			

3.2.1	Why	 PAI?	 Although	most	 of	 our	 participants	 were	
similar	regarding	their	age	and	educational	background,	they	
did	not	have	an	equal	understanding	of	artiSicial	 intelligence.	
Therefore,	we	could	divide	their	perceptions	of	AI	 into	seven	
main	groups:		

1) AI	 means	 that	 machines	 can	 learn	 and	 develop	
(machine	learning).	

2) AI	 means	 machines	 that	 work	 independently	 to	
complete	a	task	and	make	a	decision	(automation).	

3) AI	 means	 machines	 that	 know	 everything	 (expert	
systems).		

4) AI	means	machines	that	simulate	human	intelligence	
(neural	network).		

5) AI	means	 improving	 human	 intelligence	 (intelligent	
machines	with	no	emotions).	

6) AI	means	machines	that	can	predict.	
7) AI	means	machines	that	recognize	patterns	(pattern	

recognition).		
This	 variety	 in	 users’	 understanding	 of	 AI	 emphasizes	 the	
importance	 and	 relevance	 of	 our	 research	 question	 and	 the	
need	 for	 a	 deeper	 investigation	 with	 a	 larger	 and	
representative	sample.		
Furthermore,	our	Sirst	results	conSirmed	the	Sindings	from	the	
Northstar	 study	 in	 2019	 [9],	 since	 the	 majority	 of	 the	
participants	 mentioned	 tangible	 AI	 devices	 (e.g.	 voice	
assistants	and	self-driving	cars)	as	prevailing	examples	of	AI.	
Therefore,	 future	 research	 should	 cover	 the	 differences	
emerging	from	the	perception	of	the	“invisible”	and	“visible”	AI.		
									3.2.2	Where	is	the	gap?	Almost	one-third	of	the	participants	
deSined	AI	as	machines	that	can	learn	and	develop	themselves.	
However,	 as	 they	were	meant	 to	 imagine	AI	 being	 used	 in	 a	
product	 like	 a	 door,	 many	 of	 them	 (regardless	 of	 their	
understanding	 of	 AI)	 mentioned	 a	 door	 that	 closes	
automatically.	Based	on	this	result	we	assume	that	many	still	
see	AI	as	a	synonym	for	automation.	Some	of	the	respondents	
also	 mentioned	 they	 see	 AI	 as	 machines	 that	 take	 over	 the	
difSicult	 tasks.	 The	 terms	 like	 “big	 computers”	 and	 “a	 large	
amount	of	data”	were	also	often	mentioned	in	the	responses.	
Therefore,	 the	 border	 between	 large	 industrial	 machines	 in	
manufactories	and	AI	as	an	everyday	experience	seems	to	be	
vague	for	the	users.		
Furthermore,	some	of	our	respondents	had	high	expectations	
of	 the	 AI-enabled	 door	 like	 “a	 door	 that	 recognizes	 me	 and	
communicates	with	me	based	on	its	knowledge	about	me”	or	“a	
door	 that	 can	 receive	 the	packages	 itself”.	 This	 phenomenon	
suggests	that	the	users	do	not	have	the	appropriate	knowledge	
when	 it	 comes	 to	 the	 implementation,	 which	 can	 lead	 to	

unrealistic	 expectations	 from	 the	 technology	 and	
disappointment	when	these	expectations	are	not	met.			
Therefore,	in	the	next	step,	we	will	aim	at	identifying	this	gap	
by	 using	 more	 profound	 research	 techniques	 to	 grasp	 folk	
theories	and	understanding	of	how	AI	can	be	embedded	in	the	
systems	and	what	we	can	expect	from	them.		
									3.2.3	PAI	 as	 the	 premise	 of	 XAI	 As	previous	 studies	have	
suggested	 [29],	 explanations	 should	 not	 only	 address	 users’	
needs	but	should	be	adjusted	to	their	understanding.	Hence,	we	
cannot	design	 for	explainable	AI	when	we	do	not	know	how	
people	perceive	AI	and	their	theories	of	how	it	works	in	the	Sirst	
place.	Our	pre-study	with	a	homogenous	sample	suggests	that	
categorizing	users	based	on	their	computational	background	is	
not	 enough	 since	 this	 is	 not	 the	 only	 inSluencing	 criteria	 on	
users’	perception	and	expectations	of	AI.		
Therefore,	 we	 strive	 for	 more	 profound	 research	 on	 the	
inSluencing	criteria	and	their	effects	on	users’	perception	and	
understanding	as	a	foundation	for	explainable	AI	technologies.		

4	Conclusion		
In	this	work,	we	emphasized	the	importance	of	understanding	
AI	 according	 to	 users’	 perceptions	 to	 design	 efSicient	 and	
productive	 explainable	 AI-enabled	 systems.	 By	 outlining	 the	
fragmented	previous	work	on	users’	mental	models	 and	 folk	
theories,	 reviewing	 the	 structure	 of	 user-friendly	
interpretations,	 and	 presenting	 the	 preliminary	 results	 of	 a	
pre-study	 with	 AI-technology	 users,	 we	 established	 a	
framework	 for	 our	 future	 research	 questions	 and	 further	
approaches.	As	our	results	suggest,	users’	perception	of	AI	 is	
not	 purely	 dependent	 on	 their	 computational	 background,	
which	 indicates	 the	 need	 for	 future	 investigation	 on	 the	
inSluencing	 factors	and	the	dimensions	of	PAI	and	users’	 folk	
theories.			
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