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Executive	Summary	

While	our	lives	become	more	and	more	mobile	and	connected,	information	and	communication	technologies	
allow	people	to	move,	work	and	maintain	relationships,	even	at	a	distance.	Some	of	these	technologies,	so	
fundamental	for	participating	in	the	life	of	our	societies,	track	our	habits	and	collect	the	aggregate	information	
that	constitutes	big	data.	Research	into	the	use	of	digital	data,	mobile	phone	data	and	ICT	has	for	some	years	
been	showing	the	great	potential	of	these	sources	in	reading	fine-grained	variations	in	urban	spaces	over	time	
and	estimating	human	movements	through	urban	spaces.	However,	the	emphasis	to	the	manifold	forms	and	
contents	of	big	data	has	not	been	paralleled	by	an	equivalent	attention	to	their	potential	relevance	in	terms	
of	urban	policy.	
Keeping	PoliVisu	objectives	in	mind,	the	document	tries	to	understand	and	address	the	challenges	posed	by	
the	 relationship	 between	 big	 data,	 open	 data	 and	 urban	 mobility	 policy,	 investigating	 how	 big	 data	 can	
innovate	urban	mobility	policy.	To	do	so,	the	document	refers	to	an	extensive	review	of	the	existing	academic	
literature	on	big	data,	focusing	on	mobility-related	data	and	examining	their	possible	relevance	in	the	different	
steps	that	compose	a	policy	cycle.	
The	document	is	structured	as	follows.	First,	the	relevance	of	big	data	is	discussed	in	relation	to	urban	mobility	
(section	2),	urban	mobility	policy	(section	3),	and	the	experimental	dimension	of	policy	(section	4),	referring	
to	the	growing	body	of	research	that	has	taken	advantage	of	big	data	and	has	reflected	on	its	implications.	
Then,	 the	elements	emerged	from	the	bibliographic	review	are	discussed	 in	 the	 framework	of	 the	Polivisu	
policy	cycle	(section	5),	referring	to	the	available	data	and	its	possible	uses	in	each	step	of	the	cycle;	emphasis	
is	also	given	to	the	issues	of	governance	and	management	of	big	data,	which	involve	a	wide	range	of	actors	
(section	6).	Finally,	the	specific	contribution	of	PoliVisu	is	briefly	outlined	in	relation	with	European	strategies	
for	big	data	(section	7)	and	anticipating	the	next	steps	of	the	project	(section	8).	
The	 overview	 of	 the	 academic	 debate,	 strengthened	 by	 the	 references	 to	 different	 ongoing	 experiences,	
highlights	how	relevant	is	to	acknowledge	the	multiplicity	of	big	data	in	order	to	exploit	 its	contribution	to	
effective	urban	policies.	The	document	in	fact	acknowledges	that	big	data	is	increasingly	seen	as	a	source	of	
knowledge	that	is	relevant	not	just	for	 its	size,	but	also	for	the	unprecedented	operational	opportunities	it	
provides.	 In	this	sense,	 it	 is	necessary	to	move	the	emphasis	 from	the	technological	tools	required	to	take	
advantage	of	big	data	to	their	many	possible	uses	in	relation	to	policy	issues;	such	aspect	is	being	increasingly	
considered	also	by	European	approaches	to	big	data	 in	urban	(mobility)	policy.	The	multiplicity	of	big	data	
emerges	in	relation	to	at	least	three	aspects:	first,	the	different	sources	and	knowledge	that	big	data	provide;	
second,	the	different	roles	that	data	may	have	in	the	different	stages	of	a	policy	cycle;	third,	the	many	actors	
who	are	involved	not	simply	in	policy	issues,	but	also	in	the	very	production,	storage	and	management	of	big	
data.		
These	aspects	are	fundamental	for	defining	how	big	data	can	intervene	at	different	stages	of	a	policy	cycle	
and,	 consequently,	 help	 design	 an	 effective	model	 for	 innovating	 urban	 policy.	 The	 theoretical	 elements	
emerged	from	the	review	are	thus	valuable	to	better	direct	an	analysis	of	the	current	data	literacy	condition	
in	a	given	setting	(which	will	be	developed	later	on	in	the	PoliVisu	project	thanks	to	a	survey	of	big	data	literacy	
among	EU	policy	makers),	define	a	sound	policy	cycle	for	fostering	experimental	policies	by	using	big	data,	and	
provide	a	ground	for	the	assessment	of	project	implications	for	the	‘business	of	government’	as	far	as	mobility	
policies	are	concerned.	
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1. Introduction:	How	can	big	data	innovate	urban	mobility	policy?	

While	our	lives	become	more	and	more	mobile	and	connected,	information	and	communication	technologies	
(henceforth:	ICT)	allow	people	to	move,	work	and	maintain	relationships,	even	at	a	distance.	Some	of	these	
technologies,	 so	 fundamental	 for	 participating	 in	 the	 life	 of	 our	 societies,	 track	our	habits	 and	 collect	 the	
aggregate	information	that	constitutes	big	data.	Big	data	can	be	defined	as	“everything	captured	or	recorded	
digitally	by	modern	information	and	communications	technologies	such	as	networked	sensors,	‘smart’	objects	
and	 devices,	 the	web	 and	 social	media”	 (Rabari	 &	 Storper,	 2015,	 p.	 28).	 The	 information	 this	 provides	 is	
invaluable	also	from	the	perspective	of	urban	policy,	as	the	PoliVisu	project	acknowledges.	
PoliVisu	enhances	public	involvement	and	support	in	urban	policy	making,	by	equipping	decision	makers	with	
skills	and	tools	-	from	open	(geo)data	processing	to	advanced	visualisations	-	to	use	big	data	for	collaborative	
policy	experimentation	in	urban	mobility	policy.	In	doing	so,	Polivisu	is	designed	to	evolve	and	implement	a	
toolbox	for	policy	experimentation,	using	big	and	open	data,	and	proposing	a	set	of	digital	tools	to	leverage	
data	in	support	of	public	decision-making.	Keeping	these	objectives	in	mind,	the	literature	reviewed	in	this	
document	tries	to	understand	and	address	the	challenges	posed	by	the	relationship	between	big	data,	open	
data	and	urban	mobility	policy.	
Research	into	the	use	of	digital	data,	mobile	phone	data	and	ICT	has	for	some	years	been	showing	the	great	
potential	of	these	sources	in	reading	fine-grained	variations	in	urban	spaces	over	time	and	estimating	human	
movements	 through	 urban	 spaces	 (Järv,	 Ahas,	 &	 Witlox,	 2014;	 Kwan,	 Dijst,	 &	 Schwanen,	 2007;	 Ratti,	
Frenchman,	 Pulselli,	&	Williams,	 2006;	 Reades,	 Calabrese,	 Sevtsuk,	&	Ratti,	 2007).	However,	 conventional	
sources	 such	 as	 large	 datasets	 (national	 censuses,	 government	 records	 and	 geomatic	 surveys)	 have	 some	
known	 limitations	 (Kitchin,	 2014b;	 Pucci,	Manfredini,	&	 Tagliolato,	 2015):	 they	 often	 rely	 on	 samples,	 are	
generated	on	a	non-continuous	basis,	the	number	of	variables	are	quite	small,	are	aggregated	to	a	relatively	
coarse	spatial	scale,	and	are	often	limited	in	access	and	their	updating	is	difficult	or	expensive.		
Instead,	new	types	of	data	regarding	cities,	citizens,	urban	populations	and	their	spatio-temporal	variability	
have	now	become	available	thanks	to	the	implementation	of	tracking	technologies	in	urban	studies,	mobility,	
transport	 and	 urban	 planning	 (Birenboim	&	 Shoval,	 2016;	 Shoval	 &	 Ahas,	 2016;	 Shoval,	 Kwan,	 Reinau,	 &	
Harder,	2014;	Yip,	Forrest,	&	Xian,	2016),	as	well	as	the	integration	of	novel	sensing	technologies	(embedded	
in	smartphones	or	easily	connected	to	them).	Digital	data,	ICT	and	the	passive	and	anonymous	monitoring	of	
cell	phone	traffic	improve	our	ability	to	understand	human	mobility	in	many	respects:	first,	it	is	possible	to	
overcome	the	limitations	in	the	detection	of	latency	typical	of	traditional	data	sources;	second,	one	can	exploit	
the	 pervasiveness	 guaranteed	 by	 the	 ubiquity	 of	 digital	 devices	 and	 mobile	 phone	 networks;	 third,	 a	
‘longitudinal	perspective’	becomes	available	on	the	variability	in	human	travel	activities	(Järv	et	al.,	2014),	thus	
validly	complementing	traditional	research	methods.	
Focusing	on	the	basic	question	-		how	can	big	data	innovate	urban	mobility	policy?	-	this	literature	review	is	
structured	as	 follows.	First,	 the	relevance	of	big	data	 is	discussed	 in	 relation	to	urban	mobility	 (section	2),	
urban	mobility	policy	(section	3),	and	the	experimental	dimension	of	policy	(section	4),	referring	to	the	growing	
body	of	research	that	has	taken	advantage	of	big	data	and	has	reflected	on	its	implications.	Then,	the	elements	
emerged	from	the	bibliographic	review	are	discussed	in	the	framework	of	the	Polivisu	policy	cycle	(section	5),	
referring	to	the	available	data	and	its	possible	uses	 in	each	step	of	the	cycle;	emphasis	 is	also	given	to	the	
issues	of	governance	and	management	of	big	data,	which	involve	a	wide	range	of	actors	(section	6).	Finally,	
the	specific	contribution	of	PoliVisu	is	briefly	outlined	in	relation	with	European	strategies	for	big	data	(section	
7)	and	anticipating	the	next	steps	of	the	project	(section	8).	
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2. Big	data	and	the	issues	of	contemporary	mobility	

The	term	big	data	was	first	used	in	2011	by	the	McKinsey	Global	Institute	and,	at	present,	has	not	a	shared	
definition	 (Floridi,	 2012;	 Kitchin,	 2014b;	 Lovelace,	 Birkin,	 Cross,	 &	 Clarke,	 2016).	 It	 can	 be	 –	 generally	 –	
described	 as	 “high	 volume,	 velocity	 and	 variety	 of	 data	 that	 demand	 cost-effective,	 innovative	 forms	 of	
processing	for	enhanced	insight	and	decision	making”1.	
Some	key	features	of	big	data,	as	emerging	from	a	review	of	the	literature	(Boyd	&	Crawford,	2012;	Kitchin	&	
Dodge,	2011;	Marz	&	Warren,	2015;	Mayer-Schönberger	&	Cukier,	2013;	Zikopoulos	&	Eaton,	2011),	can	be	
summarized	as	follows:	
● huge	in	volume,	consisting	of	terabytes	or	petabytes	of	data;	
● high	in	velocity,	being	created	in	or	near	real-time;	
● diverse	 in	 variety,	 being	 structured	 and	 unstructured	 in	 nature,	 and	 often	 temporally	 and	 spatially	

referenced;	
● exhaustive	in	scope,	striving	to	capture	entire	populations	or	systems	(n	=	all),	or	at	least	much	larger	

sample	sizes	than	would	be	employed	in	traditional,	small	data	studies;	
● fine-grained	in	resolution,	aiming	to	be	as	detailed	as	possible,	and	uniquely	indexical	in	identification	

while	still	respecting	individuals’	privacy	thanks	to	aggregation	and	anonymisation;	
● relational	in	nature,	containing	common	fields	that	enable	the	conjoining	of	different	data	sets;	
● flexible,	holding	the	traits	of	extensionality	(can	add	new	fields	easily)	and	scalability	(can	expand	in	

size	rapidly).	
Even	if	there	is	no	agreed	academic	or	industrial	definition	of	big	data,	we	can	categorize	it	according	to	the	
typology	of	sources.	Kitchin	(2014b,	p.	4)	divides	the	sources	of	big	data	into	three	categories:			

Directed	data	or	tracking	data,	monitoring	the	movement	of	individuals	or	physical	objects	subject	to	
movement	 by	 humans,	 is	 generated	 by	 traditional	 ‘forms	 of	 surveillance’	 that	 focus	 on	 people	 or	
places	and	imply	a	human	operator.		
Automated	 data	 is	 produced	 by	 automatic	 digital	 devices	 such	 as	 mobile	 phone	 data,	 capture	
systems,	 clickstream	 data	 that	 records	 how	 people	 navigate	 through	 a	 website	 or	 app;	 remotely	
sensed	 data	 generated	 by	 a	 variety	 of	 sensors	 and	 actuators;	 image	 data,	 particularly	 aerial	 and	
satellite	images	but	including	land-based	video	images.	
Volunteered	 data,	 deriving	 from	 search	 and	 social	 networking	 activities	 where	 citizens	 become	
“sensors”	and	can	contribute	to	the	collection	of	geographic	data,	thus	generated	by	the	users.	This	
includes:	interactions	with	social	media	such	as	the	posting	of	comments	or	the	uploading	of	photos	
to	social	networking	sites	such	as	Facebook	or	Twitter;	and	the	crowdsourcing	of	data	wherein	users	
generate	data	and	therefore	contribute	to	a	common	system,	such	as	the	generation	of	GPS-traces	
uploaded	into	OpenStreetMap	to	create	a	common,	open	mapping	system	(Goodchild,	2007;	Kitchin	
&	Dodge,	2011).	

The	above	distinction	–	more	effective	than	a	classification	based	on	subjects	and	devices	that	originate	it2	-	is	
relevant	 to	 understand	 the	 uses,	 potentials	 and	 limits	 of	 big	 data,	 because	 the	way	 it	 is	 generated	 is	 the	
																																																													
1	Gartner	IT	Glossary,	Online:	http://www.gartner.com/it-glossary/big-data/	(accessed	December	2017).	
2	The	United	Nations	Economic	Commission	for	Europe,	in	a	Conference	of	European	Statisticians	(2013)	proposes	this	classification:	

a. Administrative	(arising	from	the	administration	of	a	program,	be	it	governmental	or	not),	e.g.	electronic	medical	records,	
hospital	visits,	insurance	records,	bank	records,	food	banks,	etc.	

b. Commercial	 or	 transactional	 (arising	 from	 the	 transaction	 between	 two	 entities),	 e.g.	 credit	 card	 transactions,	 online	
transactions	(including	from	mobile	devices),	etc.	

c. From	sensors,	e.g.	satellite	imaging,	road	sensors,	climate	sensors,	etc.	
d. From	tracking	devices,	e.g.	tracking	data	from	mobile	telephones,	GPS,	etc.	
e. Behavioural,	e.g.	online	searches	(about	a	product,	a	service	or	any	other	type	of	information),	online	page	view,	etc.	
f. Opinion,	e.g.	comments	on	social	media,	etc.	
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product	of	choices	and	constraints	and	is	shaped	by	a	system	which	is	situational,	contingent,	and	relational.	
Whether	data	is	produced	voluntarily	or	not,	aggregated	or	not,	anonymous	or	not,	changes	its	potentials	and	
possible	uses	in	urban	planning	and	in	other	policy	domains.		
Equally	relevant	and	connected	with	these	issues,	the	algorithms	and	systems	that	will	be	used	to	process	and	
interpret	 the	 data,	 and	 thereby	 inform	 subsequent	 interventions,	 “play	 an	 increasingly	 important	 role	 in	
selecting	what	information	is	considered	most	relevant	to	us,	a	crucial	feature	of	our	participation	in	public	
life…	[and]	provide	a	means	to	know	what	there	is	to	know	and	how	to	know	it,	to	participate	in	social	and	
political	discourse,	and	to	familiarise	ourselves	with	the	publics	in	which	we	participate.	They	are	now	a	key	
logic	governing	the	flows	of	information	on	which	we	depend”	(Gillespie,	Boczkowski,	&	Foot,	2014).	It	is	useful	
to	remember	what	was	noticed	by	Bowker	and	Star	(1999):	“data	do	not	exist	 independently	of	the	 ideas,	
techniques,	technologies,	people	and	contexts	that	conceive,	produce,	process,	manage,	analyse	and	store	
them”	and	‘‘raw	data	is	an	oxymoron’’	(because)	‘‘data	are	always	already	‘cooked’	and	never	entirely	‘raw’”	
(Gitelman	&	Jackson,	2013,	p.	2).	This	aspect	has	relevant	implications	for	this	project,	given	its	focus	on	policy	
making	activities	supported	by	big	data.	
Big	data	is	unstructured,	because	it	comes	from	different	sources,	is	stored	in	different	databases,	is	not	noise-
free	and	is	often	incomplete.	Therefore,	the	first	challenge	becomes	that	of	organizing	and	structuring	the	
data	 itself	 as	 well	 as	 reducing	 its	 size	 by	 trying	 to	 keep	 the	 information	 (signal)	 alive	 and	 by	 eliminating	
everything	that	is	not	needed	for	the	analysis	(noise).	One	of	the	most	commonly	used	methods	to	that	end	
is	the	so-called	Knowledge	Discovery	from	Database	(KDD).	KDD	is	a	process	to	discover	useful	information	
from	 a	 large	 amount	 of	 data	 and	 is	 based	 on	 the	 hypothesis	 that	 information	 can	 be	 found	 through	 the	
discovery	of	hidden	relational	paths	in	a	large	amount	of	data	where	knowledge	is	the	conclusion	of	a	data-
driven	process.	The	KDD-based	approaches	that	are	far	from	offering	automatic	solutions,	but	have	the	goal	
to	 describe	 solutions	 and	 scenarios	 that	 might	 not	 be	 captured	 or	 perceived.	 The	 discovery	 of	 possible	
correlations,	not	previously	hypothesized,	may	be	subject	to	further	analysis	(Kitchin,	2014a).		
These	aspects	are	particularly	relevant	for	the	use	of	big	data	in	public	policy:	the	availability	of	a	large	amount	
of	 data	 on	 the	 one	 hand	 improves	 the	 accuracy	 and	 completeness	 of	 the	 measurements	 to	 capture	
phenomena	that	were	previously	difficult	to	investigate,	but	at	the	same	time	increases	the	level	of	complexity	
in	the	approaches	finalized	to	process	and	integrate	this	data	(Einav	&	Levin,	2013).	Accordingly,	some	authors	
invite	“to	understand	the	policy	implications	of	these	data	and	how	institutions	should	evolve	to	accommodate	
them.	Methodologies	and	tools	are	needed	for	devising	effective	policies,	combining	them	strategically	and	
overcoming	implementation	barriers,	such	as	public	and	political	acceptability”	(Bruun	&	Givoni,	2015).		
However,	such	considerations	do	not	question	the	importance	of	networked	technologies	as	drivers	of	a	real-
time	knowledge	of	mobility	and	urban	practices,	nor	that	of	area-wide	implementations	of	innovative	urban	
policy	and	transport	supply.	Two	main	reasons	explain	their	relevance.	
The	 first	 reason	 is	 related	 to	 the	 new	 opportunities	 that	 digital	 sources	 and	mobile	 phone	 data	 offer	 to	
planners	and	policy	makers,	together	with	the	new	wave	of	technology	developments	that	is	likely	to	radically	
change	our	lifestyles	and	mobility	habits.	The	networked	technologies	at	work	are	producing	data	on	the	use	
of	 the	 city	with	 a	 spatio-temporal	 resolution	 difficult	 to	 obtain	 from	 traditional	 data	 and	 surveys,	 so	 that	
"urban	planners	may	well	make	use	of	them	in	their	attempts	to	monitor	and	track	the	city	and	its	dynamics	
(setting	aside	the	at-times-rather-subtle	legal	issues	involved)"	(Jensen,	2015,	p.	230).	The	research	and	the	
operating	 results	 in	 this	 field	 shows	promising	 results:	 the	outcomes	of	 approaches	 for	estimating	human	
movements	through	urban	spaces	using	ICT	and	mobile	phone	data	have	gained	ground	to	the	point	of	being	
able	to	identify	fine-grained	variations	in	urban	movements	and	information	on	the	real	use	of	cities.	These	
studies,	 providing	 a	 geographical	 mapping	 of	 mobile	 phone	 users	 and	 other	 digital	 devices	 usage,	 offer	
interesting	representations	of	the	intensity	of	urban	activities	and	their	evolution	through	space	and	time	(as	
will	be	discussed	later	in	this	document).	
The	second	reason	is	related	to	a	shift	of	paradigm	in	mobility	studies	and	transport	engineering.	Until	now,	
the	focus	has	been	mainly	on	daily	travel	patterns	in	terms	of	flows	between	an	origin	and	a	destination	(and	
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the	related	“modal	choice”),	which	 is	commonly	used	 in	mainstream	transport	planning	activities.	 Instead,	
nowadays	it	is	increasingly	relevant	to	understand	and	manage	mobility	practices	in	term	of	behaviours	and	
habits,	which	are	difficult	to	intercept	through	traditional	data	sources.		
In	social	sciences,	an	established	literature	(Ascher,	2005;	Bourdin,	2005;	Cresswell,	2006;	Ehrenberg,	1995;	
Kaufmann,	2002;	Lévy,	1999;	Orfeuil,	2004;	Urry,	2000)	has	drawn	attention	to	the	role	of	spatial	mobility	as	
a	key	for	describing	different	life	practices	and	consumption	patterns,	producing	diversified	uses	of	the	city.	
Thanks	to	its	‘transversal	dimension’	in	reference	to	any	social	practice,	mobility	has	been	interpreted	as	“a	
cause	 and	 a	 consequence	 of	 changes	 in	 the	 organisation	 of	 everyday	 life”	 (Urry,	 2000).	 Seen	 from	 this	
perspective,	users’	practices	and	mobility	behaviours	can	help	to	achieve	a	better	understanding	on	the	uses	
of	urban	spaces	(Cresswell,	2013).	Mobility	in	fact	can	be	interpreted	as	a	key	for	understanding	the	complexity	
of	urban	processes	and	rhythms	in	contemporary	cities.	As	a	social	and	spatial	phenomenon,	mobility	reflects	
the	 connections,	 assemblages,	 and	 practices	 that	 both	 frame	 and	 generate	 contemporary	 everyday	 life	
(Sheller	&	Urry,	2006),	and,	in	doing	so,	it	can	depict	the	variability	in	time	and	space	of	the	users’	practices	
more	than	just	a	simple	movement	between	an	origin	and	a	destination	described	in	term	of	flow	(Cresswell,	
2006,	p.	9).	This	 interpretation,	challenging	analytical	approaches	and	data	sources,	calls	 for	new	research	
methods	(Büscher	&	Urry,	2009),	also	because	new	forms	of	mobility	are	emerging	in	the	contemporary	city	
and	have	intensified	the	density	and	typologies	of	movements	that	traditional	sources	are	unable	to	describe	
with	continuity	(Järv	et	al.,	2014;	Pucci,	2016).	These	mobility	practices	result	from	the	combination	of	physical	
and	 virtual	 elements,	 leading	 to	 new	 and	mixed	 forms	 of	 daily,	 residential	 and	 travel	mobility	 (Flamm	&	
Kaufmann,	2006).		
In	 transport	 engineering,	 the	 gradual	 shift	 from	 displacement	 to	 mobility3	 has	 allowed	 to	 conceptualize	
movements	 as	 ‘derived	 demand’	 and	 to	 take	 into	 account	 displacement	 constraints	 (accessibility,	 skills,	
availability	of	means	and	resources,	as	well	as	 the	spatial	organization	of	 settlements)	as	a	 framework	 for	
explaining	the	dynamics	of	mobility	(Vincent-Geslin	&	Kaufmann,	2011).	Doing	so,	traffic	models,	built	on	the	
assumption	 of	 temporal	 stability	 of	 behaviours	 and	 formalizing	 a	 state	 of	 equilibrium,	 in	 a	 short-term	
perspective,	are	now	questioned	in	favour	of	statistical	models	supported	by	new	empirical	data	(i.e.	mobile	
phone	 and	 digital	 data),	 able	 to	 open	 up	 perspectives	 to	 investigate	 the	 time-space	 variability	 of	 urban	
populations	 (Pucci	 et	 al.,	 2015;	 Sevtsuk	 &	 Ratti,	 2010),	 as	well	 as	 the	 relationships	 between	 the	 location	
coordinates	of	mobile	phones	and	the	social	 identification	of	the	people	carrying	them	(see	e.g.	the	Social	
Positioning	Method	proposed	by	Ahas	&	Mark,	2005).	Paying	attention	not	only	to	the	flows,	but	also	to	the	
mobility	practices	 shifts	 the	 focus	 from	an	analysis	of	 geographic	displacements	 to	an	analysis	of	mobility	
behaviours.	The	aggregate	methods	(traffic	census,	origin/destination	matrices	of	flow)	to	study	mobility	as	
geographic	displacement,	predominantly	based	on	short	periods	and	proportional	relations	between	utility	
and	cost/time	of	movement,	are	unable	 to	account	 for	 the	complexity	of	mobility	as	a	spatialized	 form	of	
social	interactions,	depending	not	only	on	the	availability	of	transport	and	communication	services,	but	also	
on	 the	 personal	 projects,	 attitudes,	 habits,	 abilities	 and	 preferences	 related	 also	 to	 the	 so-called	mobility	
biographies	(Lanzendorf,	2010).	
In	both	disciplines,	 social	 sciences	and	 transport	engineering,	 the	need	 to	understand	more	about	human	
spatial	travel	behaviour	and	its	temporal	variability	in	relation	to	a	myriad	of	different	social	issues	(Järv	et	al.,	
2014,	p.	122),	hardly	reflected	in	the	daily	travel	patterns	derived	from	traditional	data,	calls	into	question	the	
available	analytical	tools	and	data	sources	for	new	empirical	and	analytical	approaches	(Büscher	&	Urry,	2009),	
able	to	better	capture	people’s	movement,	their	variation	over	time	and	space,	and	the	multi-sited	nature	of	
their	activities.		

																																																													
3	According	to	Gallez	and	Kaufmann	(2009),	there	are	two	major	shifts	in	the	conceptualization	of	mobility	in	transport	engineering:	
from	quantitative	assessment	of	the	flows	to	the	focus	on	the	notion	of	displacement	in	the	’70s	and	later,	to	a	conceptualization	of	
movements	as	"derived	demand".	
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The	experimental	and	operational	research	on	digital	data	sources	able	to	describe	various	urban	rhythms	and	
identify	different	mobile	populations,	offers	a	useful	framework	to	operationalise	the	notion	of	mobilities	as	
a	 socio-spatial	phenomenon	 (Kaufmann,	2002),	given	by	 theoretical	 reflection	 in	 social	 sciences	 (Sheller	&	
Urry,	2006),	as	well	as	to	study	"modal	diversion",	i.e.	the	identification	of	the	best	ambits	of	use	of	transport	
modes	on	the	basis	of	different	real-life	constraints,	in	travel	behaviour	studies.	Through	the	basic	idea	of	‘co-
modality’	 and	 ‘modal	 diversion’,	 some	 recent	 research	 (Diana	&	 Pronello,	 2010;	 te	 Brömmelstroet,	 2014)	
assesses	 the	 importance	of	 the	behavioural	mechanisms	 that	are	 involved	 in	a	modal	diversion	process	 in	
helping	 to	 tackle	 the	 complex	 issues	 of	 contemporary	 transport	 systems.	 Opening	 interesting	 new	
perspectives	 in	 terms	 of	 new	 empirical	 and	 analytical	 orientations,	 this	 research	 considers	 mobility	 as	 a	
complex	pattern	of	paths	and	activities	in	space	and	time	and	the	outcome	of	the	interconnections	between	
individual	 and	 external	 (environment	 and	 social	 structure)	 factors	 (Järv	 et	 al.,	 2014;	 Pred,	 1984).	 These	
approaches	can	take	advantage	of	the	use	of	digital	data	for	understanding	mobility	practices	and	supporting	
mobility	policy:	they	in	fact	help	to	foster	behavioural	changes,	not	only	in	response	to	modifications	in	the	
transport	supply,	but	also	in	relation	to	individual	characteristics.	
Another	 issue	 that	 needs	 to	 be	 addressed	 in	 relation	 to	 big	 data	 is	 the	 possibility	 and	 the	 expediency	 to	
improve/validate/integrate	existing	data	with	these	new	sources.	If	the	main	features	characterizing	big	data	
are	velocity	(data	that	can	be	obtained	in	real	time),	volume	(large	amount	of	data)	and	variety	(data	coming	
from	different	sources),	it	follows	that	big	data	is	not	‘big’	for	its	size,	but	for	the	possibility	of	being	linked	to	
other	data	from	different	sources	(Boyd	&	Crawford,	2012).	Several	research	projects	(Eurostat	survey	data	
harmonisation	programme4;	OECD5,	UNECE—United	Nations	Economic	Commission	for	Europe6)	work	in	this	
direction,	namely	data	integration	and	the	potential	to	augment	traditional	datasets	by	linking,	calibrating	and	
interoperating	them	with	‘new’	data.	This	process	offers	opportunities	to	gain	new	insights	and	perspectives	
on	existing	policy	issues	and	to	investigate	potential	issues	in	the	context	of	an	increasingly	connected	and	
digitalized	world,	including	wherever	these	issues	would	require	joined-up	approaches	among	multiple	actors	
or	stakeholders.		

3. Big	data	and	urban	mobility	policy	

The	spreading	of	big	data	related	to	urban	issues	has	a	growing	influence	on	urban	policy.	“First	because	they	
are	simply	‘out	there	working’:	networked	technologies	are	as	much	a	part	of	the	city	as	its	more	traditional	
features.	 Any	 designer	 or	 planner	 concerned	with	 the	 city	 should	 therefore	mobilize	 an	 interest	 in	 these	
technologies	if	they	claim	to	know	the	city.	Secondly,	the	technologies	at	work	are	producing	data	on	the	city	
that	urban	planners	and	designers	may	well	make	use	of	in	their	attempts	to	monitor	and	track	the	city	and	
its	dynamics	(setting	aside	the	at-times-rather-subtle	legal	 issues	involved).	Thirdly,	and	this	may	appeal	to	
many	process-oriented	planners,	these	technologies	offer	new	opportunities	for	engaging	with	the	public,	to	
facilitate	 new	 public	 participation	 processes	 and	 involve	 segments	 of	 the	 city’s	 population	 that	 are	 not	
normally	very	vocal	in	urban	planning	processes”	(Jensen,	2015,	p.	230).	

																																																													
4	The	vision	document	can	be	viewed	at:	http://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=COM:2009:0404:FIN:EN:PDF		
5	New	Data	for	Understanding	the	Human	Condition,	OECD	(2013)	http://www.oecd.org/sti/sci-tech/new-data-for-understanding-the-
human-condition.htm			
6	UNECE—United	Nations	Economic	Commission	for	Europe—decided	to	set	up	an	internet	inventory	on	the	use	of	Big	Data	in	national	
and	international	statistical	organizations.	The	inventory	contains	structured	and	searchable	information	about	actual	and	planned	
use	of	Big	Data	in	statistical	organizations.	This	information	is	held	in	a	standard	template,	searchable	by	statistical	domain	(using	the	
Classification	of	Statistical	Activities,	an	existing	international	standard),	and	the	classification	of	Big	Data	types	developed	by	the	Big	
Data	Task	Team:	http://www.unece.org/stat/platform/display/BDI/UNECE+Big+Data+Inventory+Home	
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The	huge	number	of	mobility-related	uses	of	big	data7	confirms	how	they	can	contribute	to	more	efficient,	
competitive,	open	and	transparent	cities.	Such	contribution	is	at	least	two-fold:	big	data	contributes	to	a	real-
time	analysis	of	the	city	life,	and	supports	new	modes	of	urban	governance.	
The	first	perspective	concerns	the	importance	of	a	real-time	knowledge	of	mobility	needs/practices,	possible	
also	through	a	more	widespread	use	of	networked	technologies,	as	drivers	of	area-wide	implementation	of	
innovative	urban	policy	and	transport	supply.	The	second	perspective	instead	concerns	the	valuable	support	
offered	 by	 big	 data	 for	 ‘re-scaling’	 urban	 policy	 and	 assisting	 the	 construction	 of	 partnerships	 between	
different	stakeholders,	facilitating	public	participation	processes.	Big	data	in	fact	offers	multi-scalar	maps	to	
deal	 with	 the	 variability	 of	 the	 relationships,	 with	 time-dependent	 phenomena,	 with	 the	 heterogeneous	
rhythms	of	urban	practices	that	are	missing	from	traditional	analysis,	becoming	a	support	for	tracing	fuzzy	
boundaries	as	perimeters	of	practices,	useful	for	a	‘re-territorialization’	of	urban	policies.		
Information	and	communication	technologies	can	thus	play	two	fundamental	roles,	which	can	be	relevant	also	
for	PoliVisu	and	are	explained	in	more	detail	in	the	next	subsections:	

● ICT	 used	 for	 the	 management	 and	 the	 regulation	 of	 the	 city,	 mainly	 from	 a	 technocratic	 and	
technological	perspective;	

● ICT	and	networked	infrastructures	as	enabling	technologies,	the	undergirding	platform	for	innovation	
and	creativity,	that	facilitates	social,	environmental,	economic,	and	cultural	development	(Allwinkle	&	
Cruickshank,	2011).	

	

3.1. ICT	for	the	management	and	the	regulation	of	the	city	

In	the	first	role,	directed	and	automated	data	have	different	possible	uses	in	the	field	of	mobility	policy.	These	
in	fact	are	useful	not	simply	to	manage	real	time	problems	and	address	real-time	operational	actions	(i.e.	
solving	crisis	situations	such	as	traffic	jams	and	accidents,	or	schedule	adjustments	in	transport	supply),	but	
also	as	a	tool	for	analysing	trip	chaining	(Srinivasan	&	Raghavender,	2006),	updating	the	origin/destination	
matrix	 and	 transport	 models	 (Noulas,	 Scellato,	 Lambiotte,	 Pontil,	 &	 Mascolo,	 2012),	 detecting	 mobility	
behaviour	for	demand	(Bayir,	Demirbas,	&	Eagle,	2010).	In	this	direction,	big	data	represents	one	of	the	most	
promising	sources	for	the	analysis,	visualization	and	interpretation	of	people’s	presence	and	movements	in	
urban	spaces	and,	in	doing	so,	to	orient	policy	making	processes.		
Particularly	the	contribution	that	may	come	from	mobile	phone	network	data	to	the	analysis	and	description	
of	 mobility	 and	 urban	 practices	 seems	 of	 great	 interest,	 due	 to	 its	 fine	 spatial	 and	 temporal	 resolution.	
Compared	with	automated	data,	mobile	positioning	data	has	many	advantages	(Ahas,	Aasa,	Silm,	&	Tiru,	2010,	
p.	53),	namely	that:	

																																																													
7	Amongst	them	one	can	mention:		Marketing	and	territorial	management	applications	(Positium	LBS;	www.positium.ee;	Ülar	Mark,	
Heikki	Kalle,	Rein	Ahas);	Real-time	views	of	people	flux	 in	urban	areas	(Mobile	Scape	Graz,	2005,	Real	Time	Rome,	2006;	Wiki	City	
Rome,	2007)	and	views	of	traffic	flows	of	IP	mobile	phone	traffic	(Senseable	City	Lab;	http://senseable.mit.edu;	Carlo	Ratti);	Current	
City	 (http://currentcity.org;	 Euro	 Beinat,	 Assaf	 Biderman,	 Francesco	 Calabrese,	 Filippo	 Dal	 Fiore,	 Carlo	 Ratti,	 Andrea	 Vaccari);	
Definition,	analysis	and	assessment	of	feasible	models	to	infer	traffic	volume	using	anonymous	call	data,	collected	automatically	by	
mobile	phone	network	operators;	Creation	of	a	platform	for	analyzing	mobile	database	in	real	time,	and	applications	to	provide	tracks	
for	 localizing	 people	 (social	 navigation)	 (Sense	 Networks;	 http://www.sensenetworks.com;	 Greg	 Skibiski,	 Alex	 Pentland);	 Passive	
location	 of	mobile	 users	 in	 the	 interior	 spaces,	 through	 a	 radio	 frequency	 detection	 system	 installed	 at	 the	 sites	 and	 to	 provide	
marketing	surveys	for	the	location	of	shops	and	advertising	(Path	Intelligence;	http://www.pathintelligence.com);	Environmental	data	
collection	from	digital	 traces	to	study	the	practices	of	social	networking	and	to	model	the	behaviour	of	people	through	stochastic	
methods	(Reality	Mining	MIT	MediaLab;	http://reality.media.mit.edu;	Nathan	Eagle);	Smart	meters	–	computing	statistics	on	power	
consumption	using	data	collected	from	smart	meter	readings;	Creation	of	traffic	statistics	using	data	from	traffic	loops	installed	on	
roads;	Analysis	of	“sentiment“	and	tourism	flows	using	social	media	(Instagram,	Facebook,	Twitter	data...);	Computing	statistics	on	job	
vacancies	 starting	 from	 job	 advertisements	 published	 on	web	 portals;	Web	 scraping.	 for	 automatically	 collecting	 data	 from	web	
sources;	 Consumer	 price	 indices	 –	 experimenting	 with	 the	 computation	 of	 price	 indexes	 using	 the	 different	 tools	 available,	 and	
synthetic	data	sets	modelling	scanner	data	created	using	software	developed	ad	hoc.	
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● Mobile	phones	are	widespread	and	popular	in	developed	and	developing	countries;	
● People	like	to	carry	mobile	phone	with	them,	and	they	recharge	the	battery	carefully;	
● Data	is	originally	digital,	free	from	respondents’	memory	bias	or	manual	digitalisation	errors;	
● It	is	possible	to	ask	respondents	extra	questions	or	location-aware	questions	during	a	study,	using	text	

messages	or	special	environments;	
● The	 high	 quality	 of	 positioning	 data	 today	 gives	 an	 overview	 of	 people’s	 behaviours	 and	 spatial	

practices.	
Also,	the	passive	monitoring	of	anonymous	telephone	traffic	represents	a	valuable	alternative	to	traditional	
methods,	 because	 it	 can	 simultaneously	overcome	 the	 limitations	of	 the	detection	 latency	 time	 typical	 of	
traditional	 data	 sources	 and	 take	 advantage	of	 the	ubiquity	 of	mobile	 phone	networks	 and	 the	pervasive	
diffusion	of	mobile	devices	(Ahas	&	Mark,	2005;	Ratti	et	al.,	2006;	Reades	et	al.,	2007).		
Among	different	survey	methodologies,	the	analysis	of	aggregated	mobile	phone	data,	often	integrated	with	
other	digital	data,	provides	relevant	information	in	terms	of:	

● relationships	between	mobile	phone	measures	(the	volume	of	call	activity	in	mobile	network	cells	as	
Erlang)	and	population	distribution	in	cities	with	a	high	spatio-temporal	resolution	(Sevtsuk	&	Ratti,	
2010);	

● relationships	 between	 location	 coordinates	 of	 mobile	 phones	 and	 the	 social	 identification	 of	 the	
people	carrying	them	as	Social	Positioning	Method	and	its	possible	applications	in	the	organization	
and	planning	of	public	life	proposed	by	Ahas	and	Mark	(2005);	

● classification	of	urban	spaces,	according	to	mobile	phone	uses,	in	which	different	“basic”	profiles	of	
city	usages	can	concur	to	identify	different	profiles	of	use	and	consumption	(Reades	et	al.,	2007;	Soto	
&	Frías-Martínez,	2011);		

● traffic	 flows	 (Bekhor,	 Toledo,	 &	 Prashker,	 2008;	 Caceres,	Wideberg,	 &	 Benitez,	 2008;	 Fontaine	 &	
Smith,	2005).	

A	 first	 approach,	 named	Mobile	 Landscape	Method,	 focuses	 on	 the	 relationships	 between	mobile	 phone	
measures	 and	 people’s	 daily	 activities	 in	 cities	 (Ratti	 et	 al.,	 2006;	 Sevtsuk	 &	 Ratti,	 2010).	 The	 aim	 is	 to	
understand	patterns	of	daily	life	in	the	city,	using	a	variety	of	sensing	systems	(mobile	phone	traffic	intensity,	
location-based	data	as	GPS	devices,	wireless	sensor	network)	and	to	illustrate	and	to	confirm	the	significant	
differences	in	the	distribution	of	urban	activities	at	different	hours,	days	and	weeks.	Graphic	representations	
of	 the	 intensity	of	urban	activities	and	their	evolution	through	space	and	time,	based	on	the	geographical	
mapping	of	mobile	phone	usage	at	different	times	of	the	day	(Ratti	et	al.,	2006),	are	the	main	output	of	the	
Mobile	Landscape	approach.	
A	second	approach,	known	as	Social	Positioning	Method	(Ahas	&	Mark,	2005),	studies	social	flows	in	time	and	
space	by	analysing	the	location	of	mobile	phones	and	the	social	identification	of	people	carrying	them.	Mobile	
positioning	 data	 use	 different	 sources:	 “active	 mobile	 position	 (tracing)	 data	 collected	 after	 a	 special	
query/request	to	determine	the	location	of	a	mobile	phone”	and	“passive	mobile	positioning	data	collected	
from	secondary	sources	such	as	the	memory	or	 log	files	of	mobile	operators”	(Ahas,	Aasa,	et	al.,	2010).	 In	
doing	so	 it	provides	maps	with	survey	of	 real	 time	data	of	who	 is	moving,	where	and	how.	 It	will	become	
possible	to	visualize	the	social	composition	of	streets	and	individual	premises,	to	provide	data	about	the	total	
numbers	of	people	and	their	movements. Data	security	as	well	as	non-authorized	personal	surveillance	are	
the	main	problems	related	to	this	approach,	which	is	applied	today	only	after	obtaining	participants’	personal	
acceptance.		
A	 third	 approach	 is	 based	 on	 the	 classification	 of	 urban	 spaces	 according	 to	 their	 users’	 practices	 and	
behaviours,	as	detected	by	georeferenced	data	and	in	particular	by	data	derived	by	mobile	phone	networks	–	
assuming	that	people’s	behaviour	can	be	a	good	indicator	of	the	effective	urban	zoning	(Soto	&	Frías-Martínez,	
2011).	Based	on	the	traces	of	users	or	on	aggregated	data	directly	attributed	to	places,	the	approach	classifying	
different	 kinds	of	people’s	behaviour	 (generally	 this	 is	done	considering	 similarities	among	different	 time-
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series),	often	called	signatures.	The	signatures	are	then	analysed	and	clustered	for	defining	the	zoning,	i.e.	the	
division	of	the	city	into	areas,	sharing	some	behavioural	characteristic.	
The	fourth	approach,	the	use	of	mobile	phone	data	as	traffic	monitoring	tool,	has	been	explored	by	various	
researchers	 working	 on	 simulated	 frameworks,	 as	 well	 as	 in	 field	 tests,	 often	 by	 means	 of	 appropriate	
processing	to	relate	phone	counts	and	vehicle	counts	(Fontaine	&	Smith,	2005).	
These	applications,	mapping	 the	effective	 concentration	of	people	 and	 their	 variability	 in	 time	and	 space,	
identifying	‘temporary	population’	and	their	spatio-temporal	variability,	represent	an	important	contribution	
in	the	field	of	mobility	policy	for:	

● supporting	and	increasing	the	efficiency	of	urban	policies	and	transport	services	with	more	detailed	
knowledge	of	the	intensity	of	the	use	of	the	city	(during	the	day,	weekdays/holidays,	seasons)	linking	
them	to	the	differences	in	the	urban	activity	distribution	at	different	hours,	days	and	weeks;	

● managing	large	and	special	events	(inflow,	outflow,	monitoring),	also	estimating	the	mobility	demand	
and	the	spatial-temporal	variation	in	population	density,	to	offer	guidance	for	future	decisions	on	the	
provision	of	new	urban	services;	

● updating	origin–destination	transport	matrix,	dealing	with	the	behavioural	mechanisms	of	the	modal	
diversion	process	and	operationalizing	travel	behaviour	studies;	

● realizing	a	land-use	classification	according	to	mobile	phone	uses,	in	which	different	“basic”	profiles	
of	city	usages	can	concur	to	identify	different	profiles	of	use	and	consumption	without	the	burden	of	
a	direct	 survey;	 in	 this	 case,	mobile	phone	data	would	allow	 for	 functional	description	of	 space	 in	
terms	of	effective	uses	instead	of	activities	and	equipment;	

● managing	environmental	and	industrial	risk	protection	with	information	deduced	from	mobile	phone	
data	used	as	a	“proxy”	of	the	population	exposed	to	specific	risks.	

	
The	valuable	support	offered	by	the	automated	data	(i.e.	mobile	phone	data)	can	be	completed	by	‘directed	
data’	or	tracking	data,	based	on	a	network	of	on	street	sensors	like	surveillance	cameras,	ANPR	cameras	or	
the	use	of	other	on	street	smart	devices,	but	with	some	cautions.	
According	to	Kitchin	(2014c,	p.	123),	“the	data	produced	by	the	various	forms	of	surveillance	employed	had	
to	be	analysed	by	a	human	interpreter	unless	they	were	subsequently	digitised.	While	the	amount	of	data	
produced	 by	 such	 surveillance	 could	 be	 voluminous,	 and	 might	 have	 one	 or	 two	 of	 the	 characteristics	
associated	with	big	data	such	as	indexicality,	relationality,	exhaustivity	or	velocity,	they	never	possessed	the	
full	suite	of	the	qualities	associated	with	big	data”.	
Recently,	thanks	to	extend	the	traditional	direct	data	with	digital	equivalents	as	fixed	analogue	CCTV	systems	
replaced	by	digital	and	movable	equivalents,	as	well	as	the	link	with	other	databases	overcame	the	limitations	
of	these	sources,	for	which	also	the	human	interpretation	has	been	supplemented	with	algorithmic	analyses.	
Also,	digital	aerial	photography	via	planes	or	drones,	or	 spatial	 video,	 LIDAR	 (light	detection	and	 ranging),	
thermal	or	other	kinds	of	electromagnetic	scans	of	environments	that	enable	the	mobile	and	real-time	2D	and	
3D	mapping	of	landscapes	that	are	spatially	indexical	through	GPS,	belong	to	this	kind	of	digital	sources.	Such	
videos	and	scans	generate	a	huge	quantity	of	high-velocity	and	varied	data	(i.e.	each	LIDAR	scan	can	generate	
a	million	data	points),	with	a	very	high	spatial	 resolution,	allowing	to	produce	data	able	 to	create	a	highly	
detailed	three-dimensional	representation	of	a	landscape.	
	

3.2. ICT	and	networked	infrastructures	as	enabling	technologies	
Considering	now	the	second	role	-	ICT	and	networked	infrastructures	as	enabling	technologies	-	an	effective	
support	for	urban	mobility	policy	comes	from	volunteered	data,	deriving	from	social	networking	activities	and	
based	on	user-generated	contents;	in	two	main	ways:	
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● gathering	different	types	of	information	related	to	opinion	mining	and	sentiment	analysis	(Pang	&	Lee,	
2008),	 on	 the	quality	 and	 comfort	of	 transport	 supply,	 on	 accidents	or	 real-time	problems	on	 the	
networks	that	can	be	used	by	public	authorities	to	manage	problems	and	improve	transport	supply;		

● offering	strategic	travel	planning	and	communications	scheduling	to	facilitate	the	management	of	the	
daily	micro-mobility,	enabling	people	to	rearrange	trips	more	easily	and	avoid	going	back	home	or	to	
their	workplace	between	two	activities.	
	

Allowing	a	sort	of	‘chance	orchestration’	(van	den	Akker,	2014),	the	use	of	mobile	ICT	will	lead	to	a	kind	of	
‘optimization’	of	the	trips	people	have	planned	during	a	day	(Ling	&	Yttri,	2002).	Trips	can	be	optimized	at	both	
an	individual	and	a	collective	level	and	thus	contribute	to	sustainable	mobility,	especially	in	metropolitan	areas	
(Janelle	&	Gillespie,	2004).	Such	optimization	processes	could	be	driven	by	the	growing	availability	of	real-time	
travel	information,	especially	in	public	transport	(Jain,	2006).	
The	 combination	 of	 the	 ability	 to	 travel	with	 the	 spread	 and	 use	 of	mobile	 ICT	 could	 change	 the	 activity	
planning	 process	 and	 increase	 flexibility	 in	 daily	 life,	 for	 example	 through	 rescheduling	 on	 the	 move	
(Townsend,	2000).	In	this	respect,	recent	work	(Aguiléra,	Guillot,	&	Rallet,	2012,	p.	668)	suggests	that	it	is	not	
enough	for	individuals	just	to	be	informed	in	real	time	in	order	to	be	able	to	react	to	an	unforeseen	situation	
or	a	change,	they	need	to	be	able	to	modify	the	activities	they	have	planned	and	therefore	have	a	degree	of	
flexibility	in	their	travel.	
Despite	the	pervasiveness	of	its	applications,	the	use	of	big	data	poses	questions	in	relation	to	their	effective	
usability	in	urban	and	mobility	policy.	Reflecting	a	transformation	already	noted	in	relation	to	science	(Graham	
&	Shelton,	2013;	Kitchin,	2014b;	Kwan,	2016),	the	influence	of	big	data	may	lead	to	data-driven	forms	of	policy,	
in	which	data	 'speaks	for	 itself',	highlighting	emerging	 issues	and	potential	solutions	to	them;	nonetheless,	
such	a	transformation	shows	potentials	as	well	as	risks	(Graham	&	Shelton,	2013,	p.	258).	While	some	refer	to	
the	possibility	of	an	“automatic	smart	city	understanding”	(Villanueva	et	al.,	2016,	p.	1680),	it	is	still	necessary	
to	have	a	human-based	approach	that	considers	and	makes	sense	of	such	information	selectively,	according	
to	the	issue	taken	into	account:	in	fact	“only	those	with	the	wherewithal	to	make	sense	of	the	information	
(through	data	mining	or	other	means	of	investigation)	were	able	to	increase	their	use	of	the	new,	digitised	
data”	 (Rabari	&	Storper,	2015,	p.	38).	Moreover,	 the	amount	of	available	 information	makes	necessary	 to	
‘make	big	data	small’	(Poorthuis	&	Zook,	2017),	selecting	only	relevant	information.	Issues	such	as	the	size	of	
information,	 the	 epistemological	 value	 of	 big	 data	 and	 their	 necessary	 interactions	 with	 other	 forms	 of	
knowledge	are	object	of	a	huge	academic	debate	(Batty,	2013;	Graham	&	Shelton,	2013;	Kitchin,	2014a,	2014b;	
Kwan,	2016;	Rabari	&	Storper,	2015;	Schwanen,	2017).	
Furthermore,	big	data	is	prone	to	a	number	of	wider	open	issues,	which	are	not	the	core	of	this	review	but	
still	need	to	be	looked	at	when	considering	the	use	of	big	data	for	urban	mobility	policy.	A	first	issue	concerns	
the	privacy	of	the	tracked	subjects,	who	end	up	having	‘no	place	to	hide’	(Taylor,	2016):	the	ubiquity	of	big	
data	and	the	detail	of	the	information	they	provide	in	fact	offer	unexpected	opportunities	for	profiling	and	
controlling	citizens,	despite	 the	anonymization	 that	usually	 characterises	 the	current	academic	uses	of	big	
data;	this	may	also	lead	to	the	perception	of	‘hindered	freedom’,	due	to	the	pervasiveness	of	tracking	and	
surveillance	systems	(Sager,	2006).	Another	issue	concerns	the	technical	limitations	which	big	data	is	prone	
to,	due	for	example	to	the	limits	of	the	predictability	in	human	mobility	(Song,	Qu,	Blumm,	&	Barabási,	2010)	
and	the	difficult	replicability	of	big	data	experimentations,	due	to	the	continuous	re-engineering	of	platforms	
(Lazer,	Kennedy,	King,	&	Vespignani,	2011).	Finally,	big	data	also	suffers	from	incomplete	representation	of	
phenomena,	due	for	example	to	digital	divide	and	the	unavailability	of	portable	technologies	for	specific	urban	
populations	 (Graham,	 2011).	 Such	 limitations	 originate	 omissions	 and	 exclusion,	 giving	 to	 big	 data	 a	
‘marginalizing	power’	(Kwan,	2016);	as	a	consequence,	specific	shares	of	mobility	practices	and	latent	demand	
may	remain	invisible,	being	consequently	ignored	in	mainstream	urban	mobility	planning	approaches	(Sager,	
2006).		
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4.	The	experimental	dimension	of	policy	making	

Referring	 to	 social	 innovation,	 policy	 experiment	 is	 any	 “[…]	 policy	 intervention	 that	 offers	 innovative	
responses	 to	 social	 needs,	 implemented	 on	 a	 small	 scale	 and	 in	 conditions	 that	 enable	 their	 impact	 to	 be	
measured,	prior	to	being	repeated	on	a	larger	scale,	if	the	results	prove	convincing”	(European	Parliament	and	
Council	2013,	art.	2	§6).	Policy	experiments	 form	a	useful	policy	 tool	 to	manage	complex	 long-term	policy	
issues	by	creating	the	conditions	for	“ex-ante	evaluation	of	policies”	(Nair	and	Howlett,	2015):	learning	from	
policy	 experimentation	 is	 a	 promising	 way	 to	 approach	 “wicked	 problems”	 which	 are	 characterised	 by	
knowledge	gaps	and	contested	understandings	of	future	(McFadgen	and	Huitema,	2017);	experiments	carried	
out	in	this	perspective,	in	fact,	generate	learning	outcomes	mainly	made	of	relevant	information	for	policy	and	
under	dynamic	conditions	(McFadgen	2013).	
The	concept	of	policy	experimentation	is	not	new.	An	explanatory	reconstruction	of	the	concept	development	
has	been	carried	out	by	Van	der	Heijden	(2014)	who	quoted	John	Dewey	(1991	[1927])	and	Donald	Campbell	
(1969:	409)	as	seminal	contributions	to	 it.	 In	particular:	Dewey	already	considered	that	policies	should	“be	
treated	 as	 working	 hypotheses,	 not	 as	 programs	 to	 be	 rigidly	 adhered	 to	 and	 executed.	 They	 will	 be	
experimental	in	the	sense	that	they	will	be	entertained	subject	to	constant	and	well-equipped	observation	of	
the	 consequences	 they	 entail	 when	 acted	 upon,	 and	 subject	 to	 ready	 and	 flexible	 revision	 in	 the	 light	 of	
observed	consequences”	 (p.	202-203);	while	Campbell	 considered	experimental	an	approach	 in	which	new	
programs,	conceived	in	a	way	that	it	is	possible	both	to	learn	whether	they	are	effective	and	to	imitate,	modify,	
or	discard	them	on	the	basis	of	apparent	effectiveness	on	the	multiple	imperfect	criteria	available,	are	tried	
out	(p.	409).	Van	der	Heijden	considers	that	Dewey	and	Campbell	had	in	mind	the	idea	of	experimenting	with	
the	content	of	policy	programs	(testing,	piloting,	or	demonstrating	a	particular	policy	design)	rather	than	the	
process	of	policy	design.	
Still,	as	Van	der	Heijden	observes,	silence	remains	on	the	actual	outcomes	of	such	experimentations	and	this	
consideration	makes	the	scope	of	his	article,	which	develops	two	main	conclusions:	
	

● experimentation	 in	 environmental	 policy	 is	 likely	 to	 be	 successful	 if	 participation	 comes	 at	 low	
financial	risk	and	preferably	with	financial	gain	(see	Baron	and	Diermeier,	2007;	Croci,	2005	-	quoted	
by	Van	der	Heijden);	

● in	achieving	policy	outcomes,	the	content	of	the	policy-design	experiments	matters	more	than	the	
process	of	experimentation.	
	

Intercepting	both	policy	contents	and	experimentation	process,	and	focussing	on	the	governance	design	of	
policy	 making,	 McFadgen	 and	 Huitema	 (2017)	 identified	 three	 types	 of	 experiments:	 the	 expert	 driven	
“technocratic”	model,	the	participatory	“boundary”	model,	and	the	political	“advocacy”	model.	These	models	
differ	in	their	governance	design	and	highlight	how	experiments	produce	learning,	what	types	of	learning	they	
activate.	

● In	the	technocratic	model,	experts	work	as	consultants;	they	are	asked	to	produce	evidence	to	support	
or	refuse	a	claim	within	the	context	of	political	disagreement.	In	this	model,	policy	makers	are	out	of	
the	experiment	but	they	supply	in	advance	the	policy	problem	and	the	solution	to	be	tested.	

● In	the	boundary	model,	experiments	(working	on	borders	among	different	points	of	view)	have	a	dual	
role:	producing	evidence	but	also	debating	norms	and	developing	a	common	understanding.	In	this	
kind	of	experiments,	the	involvement	of	different	actors	is	crucial	for	the	experiment	to	be	productive	
of	knowledge	and	discussion	at	different	cognitive	levels	(practical,	scientific,	political).	

● In	 the	 advocacy	 model	 the	 experiment	 is	 aimed	 at	 reducing	 objections	 to	 a	 predefined	 decision	
making.	These	experiments	are	 tactical	and	entirely	governed	by	policy	makers	who	are	obviously	
interested	in	involving	other	actors.	This	kind	of	experiments	can	also	be	initiated	by	non-public	actors,	
even	with	different	scopes.	
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McFadgen	and	Huitema	(2017)	also	highlight	the	different	learning	taking	places	during	the	three	different	
experiment	models.	They	distinguish	mainly	three	kinds	of	learning	(see	fig.	1):	
	

Learning	Effect	 Definition	
	
Cognitive	

knowledge	acquisition;	improved	structuring	of	existing	knowledge	

	
Normative	

change	in	perspectives;							goal	convergence	

	
Relational	

Increase	in	understanding	of	others’	mind-sets;										increase	trust	and	cooperation	

	
Figure	1:		Learning	effects	in	policy	experimentation		

(source:	McFagden	and	Huitema	2017:	3/22)	

	
Taking	 into	 consideration	 the	 goals	 and	 the	 differences	 in	 participants	 of	 the	 three	 experiment	 models,	
McFadgen	and	Huitema	(2017)	find	that	technocratic	experiments	mainly	generate	high	 levels	of	cognitive	
learning,	 little	normative,	 and	 some	 relational	 learning,	 and	 this	 is	mainly	due	 to	 the	disconnect	between	
experiments	and	the	policy	makers;	boundary	experiments	are	expected	to	produce	relational	and	normative	
learning	 while	 low	 levels	 of	 cognitive	 due	 to	 the	 large	 importance	 assigned	 to	 debating	 and	 sharing;	 in	
advocacy	experiments,	cognitive	and	normative	learning	are	to	be	activated,	but	little	relational	 learning	is	
expected,	due	to	the	intentional	selection	of	participants.	
Learning	in	policy	experiments	is	crucial	and	is	mainly	related	to	the	opportunity	embedded	in	learning	for	the	
participant	 to	become	owner	of	 the	knowledge	developed	 throughout	 the	experiment.	Consequently,	 the	
rationale	behind	an	experimental	approach	to	policy	making	is	to	boost	public	policy-makers’	ownership	and	
commitment,	 thus	possibly	 increasing	the	chances	 that	successful	experiments	are	streamlined	 into	public	
policy.	
The	experimental	dimension,	especially	in	the	boundary	and	the	advocacy	models,	is	crucial	in	policy	design	
and	policy	implementation.	It	makes	the	policy	evaluation	scope	transversal	to	the	other	steps	of	the	policy	
cycle	as	well	 supportive	of	 the	other	 steps.	 It	 transforms	 the	policy	making	 into	a	 Living	 Lab	process	as	 it	
introduces	co-design	and	co-experience	as	a	means	to	embed	new	points	of	view,	new	values	in	the	context	
of	the	policy.	Design	and	implementation,	in	this	perspective,	become	reciprocal	and	integrated	(Concilio	and	
Celino,	2012;	Concilio	and	Rizzo,	2012)	and:	
	

● learning	is	enhanced	and	extended	to	participants	by	designing	‘with’,	not	merely	‘for’;	
● experience	exchange	and	sharing	is	more	effective	than	information	transfer	and	sharing;	
● involved	actors	become	the	owners	of	the	socio-technical	solutions	together	with	technological	actors	

and	decision	makers;	
● changes	in	behaviour	(the	main	goal	of	any	policy	making)	are	activated	throughout	the	experiments.	
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Figure	2:	Living	Lab	role	in	double	loop	learning	

		
Building	on	single	and	double-loop	learning	is	triple-loop	learning.	This	is	the	most	elusive	of	levels	and	is	rarely	
attained	 (Yuthas	 et	 al.,	 2004)	 as	 it	 involves	 a	 fundamental	 questioning	 of	 the	meanings	 and	 assumptions	
attached	to	the	world,	ultimately	leading	actors,	communities	and	organisations	(they	belong	to)	to	question	
the	basis	of	all	knowledge.	For	instance,	triple-loop	learning	is	said	to	occur	when	‘one	starts	to	reconsider	
underlying	values	and	beliefs,	world	views,	if	assumptions	within	a	world	view	do	not	hold	any	more’	(Pahl-
Wostl,	2009).	
	

	

Figure	3:	The	learning	flow	in	policy	experimentations	

	
Accordingly,	triple-loop	learning	is	related	to	transformational	shifts	from	practices	(experimental	practices)	
up	to	policies	(and	policy	making).	 In	sum,	single-,	double-,	and	triple-loop	learning	theories	imply	that	the	
processes	of	reflection	and	questioning,	rather	than	the	information	used	or	provided	as	part	of	that	process,	
lie	at	the	heart	of	change	and	can	represent	for	policy	making	an	effective	exploitation	of	 its	experimental	
dimension.	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 18	 12/01/2018	

5.	Big	data	and	their	use	in	the	PoliVisu	policy	cycle	

Big	data	can	play	varied	roles	within	the	various	steps	of	the	policy	cycle,	that	is,	the	process	through	which	a	
policy	 is	 designed	 and	 implemented.	 The	 policy	 cycle	 considered	 in	 PoliVisu	 is	 composed	 of	 five	 stages:	
problem	setting,	policy	formulation,	policy	design,	implementation,	and	evaluation.		

● Problem	setting	 is	finalized	to	highlight	the	existence	of	a	collective	problem	to	be	faced	as	well	as	
legitimizing	it	as	a	collective	problem;	it	consists	of	an	analysis	of	the	existing	policy	and	how	and	if	it	
deals	with	the	problem	and	its	implementation;	it	is	directed	towards	a	reconstruction	of	the	public	
debate	about	the	problem,	and	the	identification	of	the	stakeholders	and	actors	potentially	involved.	

● Policy	formulation	aims	to	define	and	mobilize	a	set	of	alternative	options	in	relation	to	the	problem	
identified	in	the	previous	phase;	this	stage	is	the	development	of	the	alternative	problem	solutions	or	
possible	 courses	 of	 action	 which	 are	 the	 objects	 of	 comparative	 assessment	 through	 scenarios	
construction;	it	consists	of	analysis	for	new	policy	(analyses	to	formulate	proposals)	and	is	directed	
towards	Scenario	construction,	to	support	the	choice	between	different	and	alternative	options.	

● Policy	design	is	directed	at	defining	policy	instruments	and	implementation	tools	that	may	contribute	
to	 the	 process	 of	 problem	 solving,	 at	 identifying	 what	 procedure	 should	 be	 used	 and	 in	 which	
circumstances	to	deal	with	the	outcomes	of	policy	formulation	stage.	Depending	on	how	a	problem	is	
defined,	different	ends	to	be	achieved	and	means	to	be	used	can	be	identified.		

● In	the	policy	implementation	phase,	the	policy	defined	in	the	previous	stages	is	given	form	and	effect,	
being	put	into	practice	and	delivered	to	the	public.		

● Finally,	in	the	policy	evaluation	the	results	achieved	at	the	implementation	stage	–	whether	desired	
or	undesired	-	are	considered.		

	
For	each	step	of	the	policy	cycle,	the	next	subsections	discuss	what	big	data	is	available	(in	terms	of	sources,	
type	and	format)	and	what	it	can	be	used	for.	
	

5.1 Problem	setting	

Assuming	policy	as	“a	process	of	choice	between	alternative	ways	to	solve	a	collective	problem”	(Dente	2015),	
the	identification	of	a	collective	problem	is	crucial.	The	first	phase	consists	in	setting	the	problem	to	be	faced.		
Because	“problem	setting	is	a	process	in	which,	interactively,	we	name	the	things	to	which	we	will	attend	and	
frame	the	context	in	which	we	will	attend	to	them"	(Schön,	1983,	pp.	39–40),	this	phase	is	intended	to	identify	
the	problem	(‘name	the	things’)	and	legitimise	the	problem	(‘frame	the	context’),	because	an	urban	problem	
is	a	collective	problem	 if	 it	 is	 recognized	as	such	by	a	community	 through	a	consultation;	many	actors	are	
potentially	involved	in	the	issue	that	a	policy	faces.	
This	phase	is	directed	towards	explaining	existing	policies	and	their	development,	providing	the	evaluation	of	
the	 antecedent	 policy	 making	 cycle	 and	 the	 way	 in	 which	 these	 policies	 deal	 with	 the	 problem;	 the	
reconstruction	of	the	public	debate	about	the	problem,	and	the	identification	of	the	stakeholders	and	actors	
potentially	involved.	
In	this	step,	data	can	be	useful	to	explore	the	effectiveness	of	the	past	policies	and	to	better	understand	the	
current	urban	phenomena	affecting	the	problem.	Current	phenomena	can	be	described	using	a	varied	range	
of	 information	 from	 several	 sources,	 which	 contribute	 to	 the	 depiction	 of	 ongoing	 trends	 and	 to	 the	
consequent	definition	of	the	problem	to	be	addressed.	Big	data	can	thus	contribute	to	the	definition	of	the	
problem,	the	strategy	to	address	it	and	the	tactics	that	contribute	to	the	achievement	of	the	overall	aim.	

Available	data	

A	first	relevant	source	is	data	collection	through	the	real-time	use	of	urban	infrastructures	and	services.	From	
traffic	sensors	to	smart	cards	for	public	transport	to	vehicle	sharing	systems,	the	sources	providing	information	
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on	individual	positions	and	trips	are	growing.	For	example,	several	kinds	of	traffic	sensors	already	collect	a	
large	 amount	 of	 data	 related	 to	 the	 movement	 of	 vehicles	 (Zhang	 et	 al.,	 2011),	 collecting	 information	
concerning	 speed	 and	 occupancy	 of	 a	 road	 (Lu,	 Sun,	 &	 Qu,	 2015)	 that	 allow	 real-time	 traffic	 flow	 state	
identification	and	prediction	(Lv,	Duan,	Kang,	Li,	&	Wang,	2014).	Data	mining	proves	useful	also	in	the	case	of	
public	transport,	when	smart	cards	are	available	to	the	users	(Ma,	Wu,	Wang,	Chen,	&	Liu,	2013):	the	available	
data	may	 here	 be	 used	 for	 strategic	 studies	 (network	 planning,	 behaviour	 analysis,	 demand	 forecasting),	
tactical	 analyses	 (schedule	 adjustments,	 trip	 patterns)	 and	 operational	 evaluations	 (supply-and-demand	
indicators)	(Pelletier,	Trépanier,	&	Morency,	2011).	Similar	data	derive	from	the	many	vehicle	sharing	systems,	
considering	both	the	position	of	the	vehicles	and	the	 information	associated	with	each	user;	such	systems	
involve	cars,	bicycles	(with	both	station-based	and	free-floating	systems)	and	motorcycles.	
Mobile	phone	traffic	is	another	crucial	source	of	data,	related	to	the	position	of	each	device	connected	to	the	
cellular	network	(and,	consequently,	of	the	person	to	which	the	device	belongs).	Mobile	phone	data	have	been	
used	in	several	researches	as	one	of	the	most	promising	source	of	information	for	urban	mobility	(Ahas,	Aasa,	
et	al.,	2010;	Ahas,	Silm,	Järv,	Saluveer,	&	Tiru,	2010;	Kwan	et	al.,	2007;	Manfredini,	Pucci,	&	Tagliolato,	2016;	
Pucci	 et	 al.,	 2015;	 Ratti	 et	 al.,	 2006).	 Relevant	 contribution	 of	 these	 data	 refers	 to	 the	 following	 main	
applications:	positioning	through	location	coordinates	of	mobile	phones	and	the	social	 identification	of	the	
people	carrying	them,	with	the	Social	Positioning	Method	(Ahas	&	Mark,	2005;	Ahas,	Silm,	et	al.,	2010,	p.	5);	
time-space	variability	of	population	distribution	in	cities	(Sevtsuk	&	Ratti,	2010);	classification	of	urban	spaces,	
according	to	mobile	phone	uses	(Reades	et	al.,	2007;	Soto	&	Frías-Martínez,	2011);	traffic	monitoring	tools	
(Bekhor	et	al.,	2008;	Caceres	et	al.,	2008;	Fontaine	&	Smith,	2005).	Different	tracing	methods	can	be	used,	
involving	phone	calls	and	antennae,	satellite	navigation,	specific	software,	or	use	of	Bluetooth.	Considering	
issues	of	privacy	and	anonymization,	these	data	are	mainly	used	in	an	aggregate	way,	to	define	the	space-time	
variability	of	activities	(Ahas,	Aasa,	et	al.,	2010)	and	therefore	the	intensity	of	use	of	a	city	(Manfredini	et	al.,	
2016),	or	investigate	specific	urban	populations	(Tiru,	Saluveer,	Ahas,	&	Aasa,	2010)	and	observe	what	places	
are	meaningful	to	specific	users	(Ahas,	Silm,	et	al.,	2010).	Mobile	phone	traffic	data	in	fact	“offer	multi-scalar	
maps	 to	 deal	 with	 the	 variability	 of	 the	 relationships,	 with	 time-dependent	 phenomena,	 with	 the	
heterogeneous	rhythms	of	urban	practices	that	are	missing	from	traditional	analysis,	becoming	a	support	for	
tracing	 fuzzy	 boundaries	 as	 perimeters	 of	 practices,	 useful	 for	 a	 ‘re-territorialization’	 of	 urban	 policies”	
(Manfredini	et	al.,	2016,	p.	268).	

	

	 	
	
Figure	4:	The	relationships	between	mobile	phone	measures	(the	volume	of	call	activity	in	mobile	network	cells	as	Erlang)	and	

population	distribution	in	cities		

(source:	Sevtsuk	and	Ratti,	2010).	
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Figure	5:	The	relationships	between	location	coordinates	of	mobile	phones	and	the	social	identification	of	the	people	carrying	
them	as	Social	Positioning	Method		

(source:	Ahas	et	al.	2010,	p.	13)	

	

	
	

Figure	6:-	Automatic	classification	of	land	use	in	Barcelona	using	mobile	phone	records		

(source:	Soto	et	al.,	2015)	
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Figure	7:	Mobile	phone	data	processed	with	Treelet	method.	Daily	mobility	in	Milan	Urban	Region:	morning	rush	hour	map	(left),	
evening	rush	hour	map	(right)		

(source:	Pucci	et	al.,	2015,	p.	79)	

	
Other	data	derive	from	social	networking	services	(such	as	Facebook,	Twitter,	Instagram,	WeChat	and	many	
others).	Despite	presenting	manifold	differences,	all	 these	 services	are	 (currently)	Web	2.0	 Internet-based	
applications,	based	on	user-generated	contents,	in	which	individuals	and	groups	create	user-specific	profiles,	
connected	to	those	of	other	individuals	and/or	groups	(Obar	&	Wildman,	2015).	Big	data	is	generated	by	the	
many	interactions	of	users	across	such	services,	also	in	relation	to	urban	issues	(Kitchin,	2014a).	One	type	of	
basic	information	available	is	related	to	the	position	of	the	users,	who	may	check-in	when	they	are	in	a	specific	
location.	A	‘check-in	record’	is	“a	piece	of	geo-tagged	content	posted	by	a	user.	A	check-in	record	generally	
includes	a	short	textual	message,	a	photo,	and	the	time	and	location	indicating	when	and	where	the	message	
was	posted”	(Liu,	Sui,	Kang,	&	Gao,	2014,	p.	1);	apps	such	as	Foursquare	and	Gowalla,	but	even	Tripadvisor	
and	Yelp,	are	examples	in	this	sense.	Such	sources	prove	to	have	a	high	degree	of	sensitivity	to	daily	travel	
patterns,	which	grows	in	areas	with	high	population	density	(Chen	&	Schintler,	2015).	Users	may	post	content	
related	also	to	issues	of	mobility	–	for	example,	reporting	accidents	or	low	comfort	conditions	when	travelling	
by	public	transport,	providing	thus	elements	also	for	content-based	analyses	of	urban	mobility	issues	(Casas	
&	Delmelle,	2014)	related	to	opinion	mining	and	sentiment	analysis	(Pang	&	Lee,	2008);	apps	like	Appbot	or	
services	allowing	the	extraction	of	social	media	contents	work	 in	this	direction.	Or,	a	number	of	apps	that	
(self)track	habits,	performances	and	behaviours	provide	significant	data	related	to	specific	forms	of	mobility,	
as	for	the	many	services	used	by	runners	or	cyclists,	like	Runtastic	or	Strava	(Jariyasunant	et	al.,	2015,	p.	111).	
In	this	case,	citizens	voluntarily	become	sensors	who	collect,	provide	and	share	mobility-related	information,	
categorizable	as	volunteered	geographic	information	(Goodchild,	2007).	
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Figure	8:		Three	dimensional	map	of	subjective	evocative	emotional	areas	in	Jerusalem		

(source:	Shoval	et	al.	2018,	p.	38)	

	
	

Figure	9:	An	example	of	check-in	based	app:	Foursquare		

(source:	https://www.cultofmac.com/257036/foursquare-updated-to-7-0/)	
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Possible	uses	

Big	data	related	to	urban	mobility	phenomena	are	spatially	and	temporally	extensive	and	detailed,	providing	
occasions	 for	 several	 possible	 uses.	 Many	 of	 these	 data	 derive	 from	 tracking	 processes,	 which	 produce	
sequences	 of	 time-stamped	 spatial	 positions	 (Schwanen,	 2017,	 p.	 2).	 The	 data	 deriving	 from	 tracking	 are	
meaningful	in	relation	to	a	range	of	possible	uses,	which	contribute	to	an	enhanced	understanding	of	urban	
phenomena.		
A	first	use	refers	to	understanding	urban	phenomena	through	big	data	itself.	Instrumental	to	this	purpose	are	
geovisualisation	and	related	analytics,	somehow	a	natural	evolution	of	GIS	techniques:	“the	foundations	of	
geographic	information	science	involve	computational	processing	of	geographic	information	being	reported	
and	steered	through	graphical	representations	of	data.	Geovisualisation	aimed	to	speed	this	process	up	to	
support	ideation	and	focussed	on	the	design	and	use	of	novel	maps	and	functionality	to	do	so”	(Andrienko	et	
al.,	2010,	pp.	1577–1578).	The	emerging	data	can	provide	the	basis	for	interpreting	specific	urban	phenomena,	
for	example	detecting	specific	mobility	patterns	and	defining	accordingly	different	mobility	profiles	(Bayir	et	
al.,	 2010).	 Similarly,	 even	 the	 predictions	 of	 behaviour	 becomes	 possible,	 for	 example	 thanks	 to	 the	
recognition	of	‘universal	patterns	in	human	urban	mobility’	(Noulas	et	al.,	2012).	
A	 second	use	 refers	 instead	 to	 the	 interaction	with	 other	 knowledge	 sources,	 for	 both	 interpretative	 and	
operational	uses.	Big	data	may	interact	with	more	traditional	sources,	such	as	census	data	and	land	use,	to	
provide	the	basis	for	comparisons	and	deeper	understanding	of	urban	phenomena;	for	example,	Manfredini	
et	al.	(2016,	p.	255)	use	mobile	phone	data	as	“indirect	information	about	variations	in	the	number	of	people.	
The	information	was	statistically	processed	for	comparison	with	the	variables	derived	from	consolidated	data	
sources	 (census	data,	 land	use).	These	datasets	were	used	 to	evaluate	 the	possible	 relationships	between	
variations	in	the	intensity	of	cellular	network	phone	calls	and	land-use	characteristics”.	Also,	big	data	proves	
useful	for	improving	established	interpretative	models	for	urban	mobility;	for	example,	this	is	the	case	with	
accessibility	measures,	which	can	benefit	from	the	availability	of	richer	data	related	to	travel	behaviours	and	
features	of	the	built	environment	(van	Wee,	2013).	

	

5.2 Policy	formulation	

Policy	 formulation	aims	to	define	and	mobilize	a	set	of	alternative	options	 in	 relation	 to	 the	problem	that	
emerged	 in	 the	previous	phase,	evaluating	among	 them	the	option,	which	 is	able	 to	address	 the	problem	
considering	available	resources	and	existing	constraints.	This	phase	is	directed	towards	the	construction	of	
scenarios,	to	support	the	choice	between	different	alternative	options,	assuming	that	the	available	options	
are	alternative	to	each	other	and	cannot	be	pursued	at	the	same	time.	In	this	sense,	it	is	possible	to	explore	
different	alternative	scenarios	(possible	complex	future	outcomes	of	different	possible	decisions)	and	assess	
which	one	is	the	most	desirable.	
In	this	step,	data	can	be	useful	to	define	the	current	situations	as	a	preliminary	step	for	scenario	construction.	
As	one	of	the	most	established	tools	to	foresee	the	consequences	of	our	decisions	of	today	on	tomorrow,	
Scenario	is	a	tool	which	can:		
	

● Show	images/visuals	to	check	the	feasibility	of	different	project	solutions,	
● Extrapolate/Augment	trends	and	visualize	the	consequences,	
● Propose	visions	for	the	medium	and	long-term	period.	

	

In	doing	so,	data	is	essential	to	define	current	scenario	in	term	of	existing	trends,	conditions	and	resources	as	
well	as	to	develop	‘alternative	scenarios’	based	on	alternative	options.	
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Available	data		

Given	the	strict	relationship	with	the	phase	of	problem	setting,	available	data	sources	are	pretty	much	those	
already	covered	in	the	previous	section;	what	can	change	is	their	possible	uses	for	scenario	construction.		The	
definition	of	alternative	scenarios	is	one	of	the	contributions	of	big	data	to	the	design	of	a	policy	instrument.	
Scenarios	support	decision	making	thanks	to	“the	creation	of	alternative	images	of	the	future	development	of	
the	external	environment.	In	doing	so,	scenarios	highlight	crucial	uncertainties,	with	impact	on	the	(strategic)	
decisions	managers	have	to	make”	(Postma	&	Liebl,	2005,	p.	162).	Therefore,	scenarios	support	the	choice	
between	diverse	ways	of	addressing	a	specific	problem,	assuming	that	the	available	options	are	alternative	to	
each	other	and	cannot	be	pursued	at	the	same	time.	In	the	specific	field	of	urban	mobility,	scenarios	must	
deal	with	issues	such	as	climate	change,	increased	travel	demand	and	energy	constraints,	which	may	define	
alternative	 ‘transport	 futures’	 with	 different	 levels	 of	 possibility,	 plausibility	 and	 desirability	 (Banister	 &	
Hickman,	2013).	The	definition	of	scenarios	offers	thus	an	approach	to	urban	mobility	issues	different	from	
the	dominant	‘predict-and-provide’	approach,	which	despite	its	limitations	(Goulden,	Ryley,	&	Dingwall,	2014)	
is	still	prevailing	in	the	field	of	transport	planning	(Martens,	2006).		
	
	

	
	

Figure	10:	Scenario	construction.	Visualizing	consequences	of	new	forecast	in	the	projects	for	Grand	Paris		

	

	
Figure	11:		Scenario	construction.	Visions	to	check	the	feasibility	of	different	project	solutions		

(source:	New	Jersey	State	Plan	Development	and	Redevelopment	Scenarios,	2001)	
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Possible	uses	
Scenario	planning	can	use	different	methods	in	order	to	“create	a	set	of	the	plausible	futures”	rather	than	
“forecasting	the	most	probable	future”	(Amer,	Daim,	&	Jetter,	2013,	p.	25).	Such	different	focus	explains	why	
scenarios	are	not	interested	in	forecasting	but	rather	in	‘backcasting’,	that	is,	defining	desirable	futures	and	
the	action	required	to	attain	them	(Dreborg,	1996).	
Big	data	can	support	the	specific	choice	between	alternative	measures.	For	example,	assuming	modal	shift	as	
the	aim	targeted	by	a	policy,	both	hard	and	soft	measures	may	contribute	to	its	achievement:	hard	measures	
may	assist	in	the	provision	of	new	public	transport	infrastructures	and	services,	while	soft	measures	may	try	
to	influence	people’s	behaviours	with	marketing,	information	and	incentives.	Considering	existing	trends	and	
possible	 future	 developments,	 as	 conveyed	 also	 by	 big	 data,	 it	 becomes	 possible	 to	 assess	 the	 potential	
benefits	and	the	costs	of	different	hard	and	soft	measures	(Cairns	et	al.,	2008).	Interestingly,	this	estimation	
does	not	simply	take	into	account	the	results	achievable	by	a	single	measures,	but	can	take	into	account	also	
some	peculiar	elements	of	policy,	such	as	the	packaging	with	other	measures	and	the	involvement	of	different	
stakeholders.	Hickman	et	al.	(2010)	provide	an	example	in	this	sense,	in	relation	to	different	interventions	on	
London	transport	aiming	at	carbon	reduction.	The	various	alternatives	examined	in	fact	“are	assembled	into	
packages	to	ensure	consistency	and	effectiveness	so	that	the	potential	benefits	can	be	made	complementary.	
Various	role	or	game	playing	options	are	then	presented	so	that	a	range	of	different	potential	stakeholder	
viewpoints	can	be	compared	in	terms	of	their	involvement	and	concern	over	achieving	the	overall	reduction	
targets	 for	 transport	 in	 London.	 It	 is	 noted	 that	 these	 different	 ‘player	 roles’	 are	 likely	 to	 select	 different	
options	according	to	their	own	set	of	perceptions	and	rules”	(Hickman	et	al.,	2010,	p.	2).	
	

5.3 	Policy	Design	

The	phase	of	 design,	 defining	what	 is	 the	 intent	 that	 a	policy	 instrument	 aims	 to	 achieve,	 identifies	what	
procedure	should	be	followed.	Depending	on	how	a	problem	is	defined,	different	ends	to	be	achieved	and	
means	to	be	used	can	be	identified.	This	phase,	strictly	related	to	the	policy	formulation	phase,	which	should	
be	 already	directed	 towards	 the	 formulation	of	 new	proposals,	 is	 directed	 towards	 the	design	of	 a	 policy	
instrument	and	contributes	to	the	process	of	problem	solving.	

Available	data	

Given	the	strict	relationship	between	the	phases	of	problem	setting	and	design,	the	available	data	and	their	
possible	uses	are	pretty	much	those	already	covered	in	the	previous	section.		

Possible	uses	

Big	data	may	contribute	to	a	wider	involvement	of	citizens	in	the	definition	of	solutions	to	urban	problems.	It	
may	be	possible	in	fact	to	promote	forms	of	‘crowdsourcing’	related	to	the	public	participation	process	for	
planning	projects	(Brabham,	2009).	While	crowdsourcing	is	generically	defined	as	“the	act	of	a	company	or	
institution	taking	a	function	once	performed	by	employees	and	outsourcing	it	to	an	undefined	(and	generally	
large)	network	of	people	in	the	form	of	an	open	call”	(Howe,	2006),	in	relation	to	urban	issues	this	becomes	
the	occasion	for	“harnessing	collective	intellect	and	creative	solutions	from	networks	of	citizens	in	organized	
ways	that	serve	the	needs	of	planners”	(Brabham,	2009,	p.	257).	However,	the	crowdsourcing	of	an	urban	
problem	can	take	place	only	“if	a	problem	can	be	framed	clearly,	and	if	all	the	data	pertaining	to	a	problem	
can	be	made	available”	(Brabham,	2009,	p.	252).	While	big	data	can	contribute	to	the	range	and	quality	of	the	
available	information,	a	clear	definition	of	the	problem	to	be	faced	is	instead	exclusively	a	result	of	the	policy	
process.	
	
	

5.4 	Policy	Implementation	
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In	the	stage	of	implementation,	the	policy	defined	in	the	previous	stages	is	given	form	and	effect,	being	put	
into	practice	and	delivered	to	the	public.	Data	have	a	two-fold	role:	they	contribute	to	put	a	policy	into	practice	
and	eventually	reshape	it.	In	fact,	information	concerning	the	response	of	the	setting	to	the	policy	can	provide	
eventual	elements	for	refining	the	policy	defined	in	the	previous	steps	and	improve	policy	implementation	
management.	Policy	in	fact	has	to	take	into	account	external	conditions	and	adapt	to	their	eventual	change;	
it	 needs	 thus	 to	 be	 designed,	 in	 a	 process	 that	 takes	 time,	 provides	 occasions	 for	 learning	 and	 requires	
eventually	to	revisit	the	previous	steps.		

Available	data	

Several	data	sources	are	significant	to	understand	how	the	setting	of	 intervention	is	responding	to	a	given	
policy.	Emphasis	 is	put	on	the	real-time	understandings	and	interventions,	which	instantaneously	track	the	
evolution	of	flows	and	processes.	Such	real-time	dimension	includes	different	kinds	of	data	(including	those	
mentioned	in	section	5.1)	offered	by	current	technologies:	in	fact,	central	are	those	“pervasive	and	ubiquitous	
computing	and	digitally	instrumented	devices	built	into	the	very	fabric	of	urban	environments	(e.g.,	fixed	and	
wireless	telecom	networks,	digitally	controlled	utility	services	and	transport	infrastructure,	sensor	and	camera	
networks,	building	management	systems,	and	so	on)	that	are	used	to	monitor,	manage	and	regulate	city	flows	
and	processes,	often	in	real-time,	and	mobile	computing	(e.g.,	smartphones)	used	by	many	urban	citizens	to	
engage	with	and	navigate	 the	city	which	 themselves	produce	data	about	 their	users	 (such	as	 location	and	
activity)”	 (Kitchin,	 2014b,	 p.	 2).	 In	 a	 sense,	 “the	 instrumented	 city	 offers	 the	 promise	 of	 an	 objectively	
measured,	real-time	analysis	of	urban	life	and	infrastructure”	(Kitchin,	2014b,	p.	5).	
Together	with	data	that	allow	real	time	overview	and	analysis	of	how	a	system	is	working,	another	significant	
element	is	real-time	information	for	the	users	of	urban	mobility	services	and	infrastructures.	Different	are	the	
elements	taken	into	account.	For	example,	in	relation	to	traffic	real-time	data	may	monitor	the	state	of	service	
of	an	infrastructure,	signalling	eventual	congested	streets	and	contributing	to	a	real-time	re-routing	of	traffic	
flows	(Kim,	Lewis,	&	White,	2005).	In	relation	to	public	transport,	big	data	can	show	what	are	the	expected	
waiting	 times	 for	a	given	 line,	may	signal	delays	and	consequently	 suggest	alternative	 routes	 (Falco	et	al.,	
2017).	 Sharing	 services,	be	 they	 for	 vehicles	or	 rides,	need	data	 to	both	manage	 their	offer,	both	make	 it	
available	to	users:	for	example,	bike	sharing	systems	use	big	data	to	show	to	the	users	how	many	bicycles	are	
available	and	where,	while	the	real-time	position	of	bikes	is	required	to	know	where	to	relocate	them	in	order	
to	guarantee	their	availability	there	where	these	are	needed	(Shaheen,	Guzman,	&	Zhang,	2010).	The	real-
time	information	on	how	a	system	or	a	service	are	working	is	automatically	provided	both	by	the	system	(for	
example,	with	road	sensors)	and	its	users	(for	example,	with	apps	installed	on	one’s	smartphone).	

Possible	uses	

Big	 data	 can	 contribute	 to	 the	management,	 governance	 and	 participation	 processes	 associated	with	 the	
implementation	of	a	policy	(Rabari	&	Storper,	2015).	Its	rich	contribution	consists	of	at	least	five	dimensions:	
(1)	 the	real-time	management	of	 infrastructures	and	services,	 (2)	 the	tracking	of	changes	 in	 flows	and	the	
consequent	adaptations	to	them,	(3)	the	provision	of	updated	information,	(4)	the	collection	of	feedback	and	
(5)	the	overall	participation	of	citizens	in	the	delivery	of	services,	based	on	the	availability	of	data	to	citizens	
and	users.	
Big	data	primarily	provides	elements	for	the	real-time	management	of	urban	mobility	issues,	allowing	a	“much	
more	 sophisticated,	 wider-scale,	 finer-grained,	 real-time	 understanding	 and	 control	 of	 urbanity”	 (Kitchin,	
2014b,	p.	3).	Such	management	refers	to	both	specific	sectors	and	the	city	as	a	whole.	For	example,	a	number	
of	pervasive	technologies	are	increasingly	automatizing	the	management	of	roads,	vehicles	and	drivers:	“road	
infrastructure	is	being	virtualised	through	the	embedding	of	digital,	networked	technologies	that	monitor	and	
regulate	traffic	flow	in	real-time;	effective	movement	of	vehicles	is	increasingly	reliant	on	diagnostic	sensors	
and	embedded	ECUs	to	drive	and	on	software	to	second	guess	human	behaviour	and	correct	for	‘errors’;	and	
drivers	are	increasingly	enveloped	in	a	myriad	of	databases	that	verify	their	status	and	profile	their	driving	
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habits”	 (Dodge	 &	 Kitchin,	 2007,	 p.	 274).	 Also,	 big	 data	 can	 contribute	 to	 centralised	 forms	 of	 real-time	
management,	in	which	phenomena	are	mapped	and	operations	immediately	planned.	A	famous	example	is	
Rio	de	Janeiro’s	Centro	de	Operaçôes	Prefeitura	do	Rio,	a	data	analytics	centre	where	all	the	data	collected	in	
the	city,	both	in	real-time	and	periodically,	converge	to	allow	immediate	response	to	emergencies	as	well	as	
deep	analyses	and	predictions	in	relation	to	specific	urban	phenomena	(Kitchin,	2014b,	pp.	5–6).		
	

		
Figure	12:	The	Centro	De	Operacoes	Prefeitura	Do	Rio	in	Rio	de	Janeiro,	Brazil		

(source:	Kitchin,	2014a)	
	

Big	data	contributes	also	to	the	tracking	of	changes	in	flows	and	the	consequent	adaptations	to	them.	The	
previous	paragraph	similarly	discussed	real-time	management	opportunities	but	assuming	the	perspective	of	
institutions,	while	here	it	may	be	significant	to	mention	experiences	of	‘autonomous’	management	from	the	
examples	below:	in	fact,	also	subjects	external	to	institutions	may	develop	their	own	forms	of	management	
and	may	 impact	 the	mobility	 of	 an	 urban	 setting.	 The	 experiences	 of	 two	 private	 companies,	Waze	 and	
Citymapper,	provide	suitable	examples	of	such	private	contributions.	Waze	is	a	GPS	navigation	software	based	
on	a	participatory	sensing	system:	it	collects	information	from	the	users,	using	their	position	and	volunteer	
reports	to	have	a	real-time	map	of	traffic	in	a	setting;	according	to	this	information,	alternative	routing	may	
be	proposed	to	the	drivers.	 In	this	way,	the	‘wisdom’	available	to	Waze	(Vasserman,	Feldman,	&	Hassidim,	
2015)	contributes	to	the	management	of	urban	traffic,	but	does	so	autonomously	from	the	intervention	of	
municipal	institutions.	Citymapper	instead	is	a	public	transit	map	and	mapping	service,	whose	information	is	
based	on	user-generated	content,	open	data	and	information	collected	by	its	employees.	In	May	2017,	the	
company	launched	in	London	a	‘smart	bus	service’,	that	is,	a	pop-up	service	whose	routes	“show	up	in	A	to	B	
routing	 whenever	 the	 algorithm	 decides	 so	 based	 on	 their	 viability	 and	 frequency”	 (Citymapper,	 2017)	
intended	to	be	flexible	and	open	to	modifications	that	accommodate	the	changes	of	a	city.	
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Figure	13:	Views	of	the	Citymapper	app		

(source:	https://citymapper.com/news/1800/introducing-the-citymapper-smartbus)	
	
Up-to-date,	complete	and	personalised	 information	 is	another	element	to	which	big	data	)can	significantly	
contribute.	A	first	application	can	improve	the	‘infostructure’	related	to	specific	transport	modes,	thanks	to	a	
strategic	application	of	information	technologies	in	the	form	of	small,	targeted	interventions	that	complement	
other	kinds	of	action	(Tomitsch	&	Haeusler,	2015).	An	improvement	of	the	infostructure	can	be	significant	to	
show	the	available	modal	alternatives,	provide	updated	information	on	the	current	service	conditions,	and	
even	offer	 travel-related	suggestions.	The	uses	of	big	data	 to	provide	 information	 involve	both	public	and	
private	transport,	from	bus	services	(Falco	et	al.,	2017)	to	parking	facilities	(Tasseron	&	Martens,	2017),	even	
if	their	impact	may	prove	to	be	nonetheless	limited.	Mobile	applications	available	thanks	to	smartphones	play	
a	significant	role	too,	thanks	to	the	complete	information	they	provide	as	well	as	the	potentially	unforeseen	
consequences	 they	 may	 have	 on	 the	 experience	 of	 physical	 mobility	 (Schwanen,	 2015).	 The	 provided	
information	may	also	be	directed	towards	the	promotion	of	specific	sustainable	mobility	choices,	fostering	
alternative	 behaviours	 in	 different	 ways	 (te	 Brömmelstroet,	 2014):	 these	 may	 include	 providing	 new,	
previously	unavailable	 information	 (Anable,	 2005);	 enhance	 individual	 attitudes	making	 visible	 the	various	
economic	and	temporal	costs	associated	with	different	travel	options	(Cairns	et	al.,	2008);	or	even	contribute	
to	 actions	 based	 on	 the	 offering	 of	 rewards	 (Knockaert,	 Tsenga,	 Verhoef,	 &	 Rouwendal,	 2012)	 or	 the	
gamification	(Kazhamiakin	et	al.,	2015)	for	personal	mobility	choices.	
Big	data	can	also	contribute	to	the	involvement	of	citizens	in	the	implementation	of	policy	measures.	Thanks	
to	devoted	tools,	like	apps	and	websites,	it	is	possible	to	receive	feedback	related	to	urban	mobility	issues;	for	
example,	a	citizen	may	use	such	tools	to	report	a	damage	in	a	road,	or	express	her	opinion	about	the	quality	
of	a	certain	public	transport	service.	If	collected	and	treated	collectively,	such	information	can	contribute	also	
to	the	participation	of	citizens	in	service	delivery.	This	may	represent	a	form	of	co-design,	in	which	users	are	
involved	also	in	the	shaping	of	a	specific	service	(Kudo,	2016).	Nonetheless,	in	this	case	citizens	act	mainly	as	
consumers	and	providers	of	real	time	information	(Nunes,	Galvão,	&	Cunha,	2014),	for	example	through	the	
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use	of	devoted	consumer	surveys	(Ciasullo,	Palumbo,	&	Troisi,	2017);	they	thus	provide	inputs	for	actions	and	
measures	that	other	subjects	will	design	and	implement.	
Finally,	even	the	very	visibility	and	availability	of	big	data	can	be	valuable	in	itself,	thanks	to	the	transparency	
they	guarantee	and	the	possible	further	uses	that	many	subjects	may	make	of	them.	Data	in	fact	can	be	made	
accessible	 and	 visible	 to	 all	 citizens.	 This	 is	 the	 case	with	 urban	dashboard	websites:	 “Rather	 than	 simply	
providing	the	raw	data,	these	sites	produce	visualisations	that	aid	the	interpretation	and	analysis,	especially	
for	non-expert	users,	and	allow	citizens	to	monitor	the	city	for	themselves	and	for	their	own	ends”	(Kitchin,	
2014b,	p.	7);	London	for	example	provides	a	dashboard	in	which	data	related	to	urban	performance	in	twelve	
key	areas	is	available.	Moreover,	big	data	can	be	made	not	only	visible,	but	also	available	to	citizens	who	may	
make	use	of	them.	Information	 is	thus	open	to	a	number	of	subjects,	who	can	differently	exploit	the	wide	
amount	of	data	collected	in	relation	to	different	urban	systems.	An	example	in	this	sense	is	the	Singapore	Live!	
project	developed	by	the	MIT	SENSEable	City	Lab:	the	intention	of	the	initiative	 is	“the	development	of	an	
open	platform	for	the	collection,	combination,	and	distribution	of	 large	numbers	of	a	city’s	real-time	data,	
allowing	developer	communities	to	join	in	creating	applications	that	turn	these	data	streams	into	meaningful	
and	beneficial	tools	for	people	to	make	use	of	in	their	cities”	(Kloeckl,	Senn,	&	Ratti,	2012,	p.	90).		
	

	

Figure	14:	Singapore	live	project		

(source:	http://senseable.mit.edu/livesingapore/press.html)	
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					5.5	Policy	Evaluation	

The	phase	of	policy	evaluation	consists	of	what	in	section	3.1	was	mentioned	as	analysis	of	existing	policy.	This	
stage	conveys	the	analysis	and	the	explanation	of	existing	policies	and	their	developments,	considering	the	
results	 achieved	 with	 the	 implementation	 process.	 Evaluation	 may	 take	 into	 account	 both	 desired	 and	
eventual	 undesired	 outcomes;	 it	may	 examine	 how	 the	 policy	 contributed	 to	 address	 the	 initial	 problem,	
limiting	damages	or	providing	benefits;	and	it	may	consider	how	a	policy	may	likely	perform	in	the	future.	Such	
phase	also	needs	to	consider	that	the	effects	of	policies	are	often	indirect,	diffused,	and	take	time	to	appear.		

Available	data	

The	big	data	sources	that	can	contribute	to	the	evaluation	of	a	policy	are	similar	to	those	mentioned	in	the	
previous	 stages.	 Such	 information	 refers	 e.g.	 to	 the	 performance	 of	 a	 transport	 system,	 the	 behaviour	 of	
citizens,	as	well	as	to	phenomena	that	are	related	(also)	to	urban	mobility	(such	as	air	pollution).	Similarly,	
data	may	 refer	 to	 different	 temporal	 scales:	 these	may	 be	 collected	 in	 real-time	 or	 periodically.	What	 is	
different	from	the	previous	stages	is	the	role	of	such	data	within	the	policy	cycle:	they	contribute	to	the	ex-
post	evaluation	of	a	policy	already	 implemented,	 instead	of	providing	an	analysis	of	 the	current	setting	or	
monitoring	the	ongoing	implementation	of	significant	measures.	

Possible	uses	

The	main	use	of	big	data	in	relation	to	the	evaluation	of	a	policy	is	the	appraisal	of	the	adopted	measures	and	
the	 results	 they	 were	 able	 to	 achieve.	 Real-time	 data	 already	 convey	 how	 a	 setting	 responds	 to	 the	
implementation	of	a	given	policy	and	can	be	useful	already	in	the	implementation	phase	(see	section	3.3).	
These	may	also	be	used	in	relation	to	indicators	developed	to	assess	the	outcomes	of	a	policy.	In	general,	the	
definition	of	indicators	proves	to	be	a	difficult	task	(Button,	2002):	the	multiple	interactions	between	different	
factors	and	phenomena	complicates	the	assessment,	while	elements	significant	for	the	evaluation	depend	on	
the	 setting	 considered	 and	 the	 issue(s)	 targeted	 by	 the	 policy.	 Also,	 different	 are	 the	 ways	 for	 defining	
indicators:	 these	may	 be	 defined	 a	 priori,	may	 be	 crossed	with	 other	 data,	 or	may	 be	 even	 chosen	with	
participatory	 approaches	 (Mameli	 &	 Marletto,	 2014).	 Big	 data	 thus	 provide	 consistent	 elements	 for	 the	
evaluation	of	a	policy,	but	again	 the	 information	 they	offer	needs	 to	be	selected	 in	 light	of	 the	addressed	
problem	and	the	strategy	pursued	by	the	policy.	

6.	The	governance	and	management	of	big	data	

Issues	of	governance	and	management	are	crucial	for	the	usability	of	big	data	for	urban	policy.	In	fact,	the	
many	types	of	data	previously	mentioned	are	produced,	collected,	stored	and	treated	by	several	different	
actors,	with	which	institutional	subjects	need	to	interact.	This	section	intends	thus	to	briefly	examine	which	
subjects	produce	and	manage	big	data,	considering	also	what	relationship	should	be	established	with	them	to	
guarantee	the	wider	usability	of	such	information.		

					6.1	Institutions	

Institutional	 actors	 have	 available	 several	 different	 data	 associated	with	urban	mobility	 as	well	 as	 related	
fields.	These	are	mainly	directed	and	automated	data,	generated	by	different	traditional	sources.	For	example,	
these	include	real-time	data	associated	with	traffic	flows,	such	as	recorded	by	traffic	sensors;	or,	the	statistics	
of	traffic	accidents	and	fines.	Also,	regular	updates	may	involve	e.g.	the	cartographic	information	required	to	
geovisualize	mobility	phenomena.	Other	data	that	is	crucial	for	an	understanding	of	mobility	can	be	found	for	
example	in	census	surveys	and	in	the	information	collected	in	relation	to	pollution.		
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Therefore,	 institutions	already	have	available	a	wide	range	of	data	that	can	help	to	better	understand	and	
tackle	urban	mobility	issues.	In	this	sense,	it	can	be	crucial	for	institutions	to	provide	open	data,	thus	allowing	
other	subjects	to	have	access	to	it.	According	to	the	International	Open	Data	Charter	(2017),	“open	data	is	
digital	data	that	is	made	available	with	the	technical	and	legal	characteristics	necessary	for	it	to	be	freely	used,	
reused,	 and	 redistributed	 by	 anyone,	 anytime,	 anywhere”;	 To	 do	 so,	 six	 principles	were	 introduced:	 data	
should	be	open	by	default,	timely	and	comprehensive,	accessible	and	usable,	comparable	and	interoperable,	
for	improved	governance	and	citizen	engagement,	for	inclusive	development	and	innovation.	Institutions	thus	
have	 already	 available	 information	 that	 is	 relevant	 for	 urban	mobility	 issues,	 and	 it	may	 be	 significant	 to	
guarantee	 that	 also	 other	 subjects	 can	 access	 it;	 however,	 it	 is	 also	 crucial	 for	 institutions	 to	 access	 the	
information	produced,	collected	and	managed	by	other	subjects,	as	the	next	sections	explain.	

				6.2	Public	companies	

Public	companies,	here	intended	as	companies	owned	or	controlled	by	the	State	or	other	public	institutions,	
play	a	relevant	role	in	urban	mobility	and	consequently	have	access	to	significant	datasets.	Such	companies	in	
fact	may	be	responsible	for	infrastructures,	public	transport	services	and	sharing	initiatives,	having	also	the	
possibility	to	make	use	of	the	rich	information	associated	with	them	–	especially	when	electronic	devices	are	
associated	with	the	possibility	to	make	use	of	a	service,	as	in	the	case	of	public	transport	smart	card	or	of	the	
apps	required	to	use	shared	services.	The	data	available	comes	from	a	variety	of	sources	and	may	be	useful	to	
track	 flows	 of	 users,	 uses	 of	 the	 space	 and	 eventually	 also	 individual	mobility	 preferences.	 For	 example,	
directed	data	is	generated	by	the	surveillance	systems	of	stations,	as	well	as	by	sensors	located	along	roads	
and	inside	parking	facilities;	such	data	may	indicate	not	only	the	amount	of	circulating	people	and	vehicles,	
but	also	to	consider	how	they	use	a	specific	space	(e.g.	how	passengers	are	distributed	along	a	platform,	or	
how	cars	occupy	parking	lots).	Instead,	automated	data	is	provided	by	other	sources,	such	as	public	transport	
smart	cards,	ticket	vending	machines,	or	the	apps	used	to	access	vehicle	sharing	services.	Such	information	
does	not	simply	contribute	to	the	depiction	of	massive	flows,	but	also	to	the	detection	of	preferences	(for	
example,	users	who	prefer	to	use	an	electric	rather	than	a	traditional	bicycle,	or	travellers	who	ride	the	public	
transport	 systems	mainly	 in	 off-peak	 hours);	 furthermore,	 also	 personal	 data	 useful	 for	 profiling	may	 be	
collected	(e.g.	a	discounted	public	transport	pass	may	be	available	for	students	or	the	elderly,	and	smart	cards	
would	have	this	information	available).	
Big	data	available	to	public	companies,	especially	in	the	field	of	urban	mobility,	is	thus	significant	to	grasp	as	
it	provides	both	general	and	specific	information	related	to	overall	flows	and	individual	behaviours.	Such	data	
is	currently	used	for	management	purposes:	for	example,	a	vehicle	sharing	service	may	use	this	information	
to	understand	how	to	(re)locate	its	vehicles	(e.g.	moving	shared	bicycles	throughout	the	day,	to	make	them	
available	at	the	locations	with	highest	demand	rates);	or,	data	on	the	occupation	rates	of	parking	facilities	may	
be	used	to	redirect	drivers	towards	facilities	where	empty	parking	lots	are	still	available.	Also,	several	analyses	
are	made	possible,	as	smart	cards	for	public	transport	demonstrates:	these	may	range	from	strategic	studies	
(concerning	 how	 to	 plan	 a	 network	 or	 service	 in	 the	 long	 term)	 to	 day-by-day	 management	 evaluations	
(related	to	running	everyday	ordinary	operations)	(Pelletier	et	al.,	2011).	However,	the	available	data	may	be	
difficult	to	access	for	institutional	subjects,	a	further	reflection	of	a	generally	difficult	interaction	between	such	
companies	and	institutions;	in	this	sense,	data	potentially	plays	a	crucial	role	in	these	relational	dynamics	(for	
example,	data	may	show	the	need	for	interventions	on	which	the	two	parts	may	disagree	with	each	other).	

						6.3	Private	companies	

The	relevance	of	private	companies	in	relation	to	urban	mobility	is	increasing,	also	in	relation	to	data.	In	fact,	
many	 innovative	mobility	services	 (e.g.	 ridesharing,	 routing	apps)	could	not	exist	without	the	possibility	 to	
collect	and	usefully	deploy	consistent	amounts	of	information.	Due	to	their	relevance	and	multiplicity,	it	can	
be	relevant	to	consider	the	different	typologies	of	companies	who	deal	with	mobility-related	big	data.		
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A	first	significant	example	is	the	urban	mobility	services	operating	through	mobile	apps.	Such	services	include	
carsharing,	ridesharing	(both	for	urban	trips	and	long-distance	travels),	and	small	urban	deliveries.	Data,	both	
autonomously	 produced	 and	 collected	 from	 other	 sources,	 are	 fundamental	 for	 the	 operations	 of	 such	
initiatives.	For	example,	a	ridesharing	service	may	need	to	know	where	drivers	and	clients	are	located	(using	
the	geo-localisation	provided	by	mobile	devices),	the	current	traffic	conditions	(as	offered	by	existing	routing	
apps),	and	how	these	datasets	interact	with	each	other	(defining	for	example	which	areas	have	higher	demand	
rates,	or	which	roads	are	more	congested,	to	estimate	the	optimal	routing	as	well	as	for	defining	the	service	
price).	 These	 datasets,	 mainly	 automated	 and	 volunteered,	 are	 a	 prerequisite	 for	 operations,	 but	 also	 a	
byproduct:	 in	 fact,	 each	 ride,	 trip	 or	 delivery	 is	 tracked,	 contributing	 to	 an	 overall	 depiction	 of	 the	 flows	
covered	with	a	specific	service.	
Another	example	is	the	apps	that	are	used	for	routing	and	navigation,	both	by	car	drivers	and	public	transport	
users.	These	apps	already	use	big	sets	of	data	and	information	to	offer	their	services;	for	example,	these	need	
to	know	what	the	road	infrastructure	is,	or	what	are	the	routes	and	the	schedules	of	public	services.	The	data	
on	which	these	apps	base	their	operation	may	be	open	or	collected	by	employees	(for	example,	the	routes	of	
a	public	transport	network	may	be	fully	available	online	or	should	be	redrawn	according	to	the	information	
provided	 to	 the	general	public).	Furthermore,	also	volunteered	data	could	be	significant,	as	 in	 the	case	of	
routing	apps	that	use	the	position	of	their	drives	to	estimate	traffic.	As	previously	mentioned,	these	apps	do	
not	only	collect	and	generate	data	to	accomplish	their	initial	mission,	but	may	also	use	them	for	supporting	
further	initiatives	(such	as	the	described	smart	bus	implemented	by	Citymapper	in	London).	
Telecommunication	 and	 social	 media	 companies	 manage	 datasets	 that	 are	 relevant	 for	 urban	 mobility	
purposes,	too.	Such	datasets	are	the	automated	or	volunteered	product	of	their	operation,	and	provide	rich	
amounts	of	aggregated	and	more	punctual	information.	For	example,	telecommunication	companies	collect	
data	related	to	the	usage	of	mobile	phones,	doing	so	for	technical	and	accounting	needs;	the	pervasiveness	
of	mobile	phones	make	such	data	a	reliable	source	also	for	knowing	the	locations	and	the	movements	of	urban	
populations.	 Instead,	 social	 media	 companies	 collect	 the	 geographical	 tags	 of	 their	 users,	 as	 well	 as	 the	
contents	they	associate	with	such	places;	together	with	the	location	of	a	user	it	is	thus	possible	to	know	what	
kind	of	experience	and	feelings	she	is	associating	to	a	specific	place.	Companies	may	also	develop	their	own	
analytics	tools,	to	use	the	available	data	for	tracking	and	predicting	purposes;	however,	the	effectiveness	of	
such	initiatives	may	be	limited,	as	the	case	of	Google	Flu	and	its	biased	predictions	demonstrate	(Lazer	et	al.,	
2011).			
Big	data	is	thus	fundamental	for	the	existence	and	the	operations	of	several	private	companies,	belonging	to	
different	sectors.	Information	is	central	because	in	many	cases	it	is	not	only	a	product	of	their	operations,	but	
also	a	condition	required	to	access	such	services:	“many	digital	services	(are)	offered	for	free,	in	exchange	for	
our	data”	(Morozov,	2016).	Furthermore,	companies	are	increasingly	becoming	‘big	data	companies’	(Hirson,	
2015),	which	sell	the	information	they	collect	and	get	consistent	revenues	from	this	additional	business.	Such	
elements	thus	make	 it	difficult	 for	 institutions	to	establish	 interactions	with	companies	that	owns	relevant	
mobility-related	big	data.	Right	now,	this	interaction	is	increasingly	configured	as	a	business	exchange,	given	
that	companies	are	starting	to	sell	their	data	as	part	of	services	intended	to	support	urban	planning	decisions.	
An	example	in	this	sense	is	provided	by	Uber	Movement,	a	service	that	allows	access	to	the	data	collected	by	
the	 Uber	 ridesharing	 operations,	 thus	 offering	 a	 tool	 to	 “inform	 decisions	 about	 how	 to	 adapt	 existing	
infrastructure	and	invest	in	future	solutions	to	make	our	cities	more	efficient”	(Uber,	2017).	

					6.4	Private	citizens		

Private	citizens	may	act	as	‘sensors’	and	become	producers	of	data.	Citizens	are	of	course	significant	for	most	
of	the	directed	and	automated	data,	being	the	subjects	that	are	tracked	by	a	number	of	fixed	systems	and	
portable	devices;	however,	here	it	is	significant	to	consider	what	are	the	data	that	they	voluntarily	provide	as	
‘gifts’	(Kitchin,	2014b,	p.	4).	Such	data	refer	to	mainly	three	categories:	contents,	tracks	and	cartographies.	As	
for	the	contents,	all	the	social	media	interactions	belong	to	this	category,	taking	into	account	those	remarks	
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that	 may	 relate	 to	 urban	mobility	 and	may	 use	 also	 multimedia	 contents	 (for	 example,	 accompanying	 a	
personal	 status	with	 a	 photograph	 or	 a	 video);	where	 available,	 also	 the	mobility-related	warnings	made	
through	devoted	devices	and	platforms	may	 refer	 to	 this	group	 (for	example,	 road	holes	pointed	out	 to	a	
municipal	institution	using	a	devoted	app).	Tracks	instead	refer	to	those	habits	and	behaviours	that	people	
choose	 to	 record,	 as	 in	 the	 case	 of	 different	 sport	 practices	 (running,	 cycling…).	 Finally,	 people	may	 also	
contribute	to	the	creation	of	cartographic	information	using	specific	open	mapping	systems	(Goodchild,	2007).		
The	most	 aware	 of	 such	 contributions	 range	 thus	 from	 active	 forms	 of	 citizenship	 to	 examples	 of	 citizen	
science.	In	this	sense,	also	bottom-up	initiatives	that	make	use	of	open	data	belong	to	such	category,	as	in	the	
case	of	volunteer	mapping	initiatives	that	make	available	specific	kinds	of	information	or	improve	them	adding	
other	contents;	examples	include	apps	for	tourism,	which	may	show	specific	itineraries	through	cities,	and	for	
cyclists,	with	maps	that	show	different	possible	routes	depending	on	the	infrastructure	condition	–	presence	
of	cycling	paths,	availability	of	facilities,	etc.	(Tricarico,	Vecchio,	&	Testoni,	2016).	These	initiatives	are	thus	
relevant	not	 for	the	 information	they	provide,	but	rather	 for	the	unprecedented	ways	 in	which	they	make	
existing	data	available	and	usable;	these	thus	offer	a	further	reason	for	supporting	open	data	initiatives.	

7.	European	approaches	to	big	data	in	urban	(mobility)	policy	

Big	data	is	receiving	increasing	attention	also	in	the	European	Union.	More	and	more,	these	are	part	of	long-
term	strategies	as	well	as	the	core	of	specific	projects.	Therefore,	PoliVisu	is	part	of	a	vibrant	field,	in	which	
European	visions,	urban	strategies	and	punctual	initiatives	can	be	found.	This	section	intends	to	briefly	sketch	
the	current	panorama	of	European	approaches	to	big	data	in	urban	policy,	in	relation	to	which	PoliVisu	is	able	
to	contribute	by	emphasising	the	multiple	uses	of	big	data	for	urban	(mobility)	policy.	
In	 general,	 the	 European	 Union	 considers	 as	 necessary	 the	 construction	 of	 a	 European	 Data	 Economy	
(European	Commission,	2017),	as	a	crucial	policy	for	the	digital	single	market.	Being	aware	of	the	data-driven	
transformations	that	are	characterising	the	economy	and	society,	it	is	necessary	to	facilitate	the	recognition	
and	the	free	circulation	of	data,	in	order	to	facilitate	their	use	throughout	the	value	chain	for	scientific,	societal	
and	industrial	purposes.	A	European	policy	framework	can	improve	the	ease	of	access	and	use	of	big	data,	
together	 with	 devoted	 experimentations;	 furthermore,	 the	 specific	 field	 of	 ‘cooperative,	 connected	 and	
automated	mobility’	is	seen	as	one	of	the	most	suitable	sectors	for	experimentations	(for	example,	working	
to	enable	connections	between	vehicles	and	with	roadside	infrastructures).	Such	vision	continues	and	even	
strengthen	the	vision	of	a	data-driven	economy	based	on	previous	documents,	according	to	which	“thriving	
data-driven	 economy	 will	 contribute	 to	 the	 well-being	 of	 citizens	 as	 well	 as	 to	 socio-economic	 progress	
through	new	business	opportunities	and	through	more	 innovative	public	services”	 (European	Commission,	
2014,	p.	12).	However,	to	guarantee	that	all	citizens	can	participate	in	the	digital	economy,	a	faster	and	higher	
quality	connectivity	is	a	crucial	ingredient	(European	Commission,	2016).	
Several	European	strategies	and	 legislations	are	 intended	to	foster	the	transition	towards	a	digital	society,	
economy	and	government	in	the	European	Union.	As	mentioned	specifically	 in	relation	to	digital	transition	
(Partnership	on	Digital	Transition,	2017,	pp.	4–5),	these	consist	of:	
	

● Digital	Single	Market	Strategy	for	Europe,	adopted	by	the	European	Commission	in	May	2015,	aiming	
to	maximise	the	growth	potential	of	 the	digital	economy.	The	Strategy	underlines	 the	necessity	 to	
digitalise	industries	and	production	in	the	EU	and	to	ensure	that	EU	citizens	and	businesses	benefit	
from	digitalisation	by	getting	access	to	digital	services	such	as	modernised	e-government,	e-health,	e-
energy	and	e-transport	across	EU.	

● EU	eGovernment	Action	Plan	2016-2020,	adopted	by	European	Commission	in	April	2016,	setting	out	
a	 long-term	 vision	 for	 open,	 efficient	 and	 inclusive	 public	 administrations,	 providing	 borderless,	
personalized,	user-friendly,	end-to-end	digital	public	services	to	all	citizens	and	businesses	in	the	EU.	
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The	 Action	 Plan	 includes	 a	 series	 of	 principles	 and	 priorities	 that	 should	 guide	 EU	 and	 national	
interventions	 in	e-government	development,	and	 identifies	a	 rolling	 list	of	 impactful	actions	 in	 the	
field.	

● Urban	Agenda	for	the	EU,	adopted	by	the	Pact	of	Amsterdam	in	May	2016,	setting	digital	transition	as	
one	of	the	key	priorities	to	be	implemented	by	EU	urban	authorities.	The	Agenda	enforces	multi	level	
cooperation	and	requires	integrated	actions	by	the	different	governance	actors.		

● European	Agenda	for	the	Collaborative	Economy,	adopted	by	the	European	Commission	in	June	2016,	
explaining	how	to	encourage	the	development	of	new	and	innovative	services.	

Big	data	plays	a	central	role	in	the	European	Urban	Agenda,	which	recognizes	data	as	a	horizontal	enabler	for	
improvements	 in	 different	 urban	 policy	 fields.	 In	 relation	 to	 the	 specific	 sector	 of	 urban	 planning,	 the	
document	recognizes	the	potential	contributions	that	the	collection	and	the	analysis	of	vast	amounts	of	data	
can	 provide	 to	 urban	 policy	 and	 decision	 making.	 In	 relation	 to	 digital	 transition,	 this	 opportunity	 is	
summarised	as	such:	“as	digitalization	is	considered	a	means	to	explore	and	exploit	new	opportunities	arising	
from	the	urban	environment,	the	procedures	of	spatial	planning	should	be	re-evaluated	from	the	viewpoints	
of	 enabling	open	 innovation	and	 service	provision”	 (Partnership	on	Digital	 Transition,	 2017,	p.	 13).	At	 the	
European	level,	the	European	Data	Portal	contributes	to	making	such	data	easily	accessible,	by	collecting	the	
metadata	of	Public	Sector	Information	available	on	public	data	portals	across	European	countries.	
Some	EU-funded	projects	have	developed	further	the	contribution	of	big	data	to	urban	policy,	especially	in	
relation	to	mobility.	For	example,	OpenTransportNet	aimed	to	facilitate	the	development	of	new	applications	
by	aggregating,	harmonising	and	visualising	data.	To	do	so,	the	project	developed	a	platform	offering	several	
services,	 ranging	 from	 access	 to	 geospatial	 data	 about	 mobility,	 to	 a	 visualisation	 tool	 for	 big	 data	
visualisations.	ECIM	(European	Cloud	Marketplace	for	Intelligent	Mobility)	developed	a	cloud	platform	for	city	
mobility	services,	aimed	to	the	publication	of	services	and	data	by	public	and	private	service	providers,	making	
them	available	to	developers;	the	provision	of	a	common	interface	was	aimed	to	facilitate	the	creation	of	new	
mobility	applications,	allowing	the	combination	of	web	services	and	data	from	different	providers	into	a	single	
application.	 Citadel...	 on	 the	 move	 aimed	 to	 facilitate	 the	 use	 of	 open	 data	 by	 citizens	 and	 applications	
developers,	in	order	to	develop	specific	mobile	applications.	To	do	so,	the	project	aimed	to	define	strategies	
for	sharing	data,	provide	templates	for	the	creation	of	application,	and	facilitate	access	to	data	thanks	to	an	
Open	Data	Commons.	

8. Conclusions	

As	shown	by	Kamateri	et	al.	(2015),	the	latest	advances	in	ICT	offer	great	opportunities	for	modernising	policy	
making,	which	can	be	grouped	into	the	following	main	categories:	

	
•	 Agent	based	Modeling	and	Simulation	tools	representing	a	real-world	system	or	phenomenon	and	
helping	 users	 understand	 the	 system	 and	 the	 effects	 of	 potential	 actions	 in	 order	 to	 make	 better	
decisions8;	

																																																													
8	Examples	include:	Budget	simulator	http://www.budgetsimulator.com/info,	C-ROADS	http://climateinteractive.org/simulations/C-
ROADS,	CLASP’s	Policy	Analysis	Modeling	System	(PAMS)	
http://www.clasponline.org/en/Tools/Tools/PolicyAnalysisModelingSystem,	EUREAPA	https://www.eureapa.net,	GLEaMviz	
http://www.gleamviz.org/simulator,	Global	Buildings	Performance	Network	(GBPN)	Policy	Comparative	Tool	
http://www.gbpn.org/databases-tools/purpose-policy-comparative-tool,	MASS	http://mass.aitia.ai,	MEL-C	
http://code.google.com/p/jamsim,	Repast	http://repast.sourceforge.net,	Threshold21	http://www.millennium-
institute.org/integrated_planning/tools/T21,	UrbanSim	http://www.urbansim.org/Main/WebHome			
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•	 Argumentation	tools	visualising	the	structure	of	complex	argumentations	and	debates	as	a	graphical	
network9;	
•	 eParticipation	 tools	 supporting	 the	active	engagement	of	 citizens	 in	 social	and	political	processes,	
including	e.g.	voting	advice	applications	and	deliberation	tools10;	
•	 Opinion	mining	tools	helping	analyse	and	make	sense	of	thousands	of	public	comments	written	in	
different	application	contexts11;	
•	 Policy	making	tools	specifically	developed	to	facilitate	the	design	and	delivery	of	policies12;	
•	 Semantics	and	linked	data	tools	enabling	large	amounts	of	data	to	become	easily	published,	linked	to	
other	external	datasets,	and	analysed13;	
•	 Serious	games	training	users	through	simulation	and	virtual	environments14;	
•	 Visualisation	tools	helping	users	better	understand	data	and	providing	a	more	meaningful	view	 in	
context,	especially	by	presenting	data	in	a	graphical	form15.	

	
This	literature	review	has	explored	how	big	data	can	innovate	urban	policy	by	focusing	on	the	field	of	urban	
mobility	and	on	the	experimental	dimension	of	policy.	Big	data	is	increasingly	seen	as	a	source	of	knowledge	
that	is	relevant	not	just	for	its	size,	but	also	for	the	unprecedented	operational	opportunities	it	provides.	In	
this	sense,	it	is	necessary	to	move	the	emphasis	from	the	technological	tools	required	to	take	advantage	of	

																																																													
9	Examples	include:	Araucaria	http://araucaria.computing.dundee.ac.uk/doku.php,	Argunet	http://www.argunet.org,	bCisive	
https://www.bcisiveonline.com,	Carneades	http://carneades.github.io,	Cohere	http://cohere.open.ac.uk,	Compendium	
http://compendium.open.ac.uk/institute,	Cope_it!	http://copeit.cti.gr/Login/Default.aspx,	DebateGraph	http://debategraph.org,	
MindMeister	http://www.mindmeister.com	and	Rationale	http://rationale.austhink.com		
10	Examples	include:	Adhocracy	http://code.adhocracy.de/en,		CitizenSpace	https://www.citizenspace.com/info,		CitySourced	
https://www.citysourced.com,	CivicEvolution	http://civicevolution.org,	DialogueApp	http://www.dialogue-app.com/info/,		Loomio	
https://www.loomio.org,	MixedInk	http://www.mixedink.com,	OpinionSpace	http://opinion.berkeley.edu,	OurSpace	
http://www.ep-ourspace.eu,	Puzzled	by	Policy	http://www.puzzledbypolicy.eu	and	UbiPol	http://www.ubipol.eu	
11	Examples	include:	AIRC	Sentiment	Analyzer	http://airc-sentiment.org,	Attentio	http://www.attentio.com,	Convey	API	
https://developer.conveyapi.com,	Corpora’s	Applied	Linguistics	http://www.corporasoftware.com/products/sentiment.aspx,	
DiscoverText	http://www.discovertext.com,	Opinion	observer	http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.79.8899,	
Opinmind	http://www.opinmind.com,	Repustate	https://www.repustate.com,	Sentimentor	http://sentimentor.co.uk,	Sentiment140	
http://www.sentiment140.com,	Social	Mention	http://socialmention.com,	SwiftRiver	http://www.ushahidi.com/products/swiftriver-
platform,	ThinkUp	https://www.thinkup.com	and	Umigon	http://www.umigon.com		
12	Examples	include:	Oracle	Policy	Automation	for	Social	Services	http://www.oracle.com/us/industries/public-sector/059171.html	
and	PolicyMaker	http://www.polimap.com/default.html		
13	Examples	include:	Annotea	http://www.w3.org/2001/Annotea,	Apache	Stanbol	http://stanbol.apache.org,	Enrycher	
http://ailab.ijs.si/tools/enrycher,	OntoGen	http://ontogen.ijs.si,	OntoMat-Annotizer	http://annotation.semanticweb.org/ontomat,	
Reegle	http://www.reegle.info	and	WebNotes	http://www.webnotes.net		
14	Examples	include:	2050Pathways	https://www.gov.uk/2050-pathways-analysis,	Breakaway	(Disaster	Management	Incident	
Commander)	http://www.breakawayltd.com,	Budget	Hero	http://www.marketplace.org/topics/economy/budget-hero,	CItyOne	
http://www-01.ibm.com/software/solutions/soa/innov8/cityone/index.html,	Democracy	http://www.positech.co.uk/democracy,	
Maryland	Budget	Map	Game	http://iat.ubalt.edu/MDBudgetGame,	MP	For	A	Week	http://www.parliament.uk/education/teaching-
resources-lessonplans/mp-for-a-week-game/,	NationStates—create	your	own	country	http://www.nationstates.net,	The	Social	
Simulator	http://www.socialsimulator.com,	Urgent	Evoke	http://www.urgentevoke.com	and	World	Without	Oil	
http://worldwithoutoil.org				
15	Examples	include:	ChinaGeoExplorer	http://chinadataonline.org/cge,	DataVisualizer	http://devdata.worldbank.org/DataVisualizer,	
DataPlace	http://www.dataplace.org,	DynamicChoroplethMaps	http://www.turboperl.com/dcmaps.html,	e-Atlas	
http://data.worldbank.org/products/data-visualization-tools/eatlas,	Gapminder	http://www.gapminder.org/tag/trendalyzer,	
GoogleCharts	https://developers.google.com/chart,	PublicDataExplorer	http://www.google.com/publicdata/directory,	Health	
Infoscape	http://senseable.mit.edu/healthinfoscape,	NComVA	http://www.ncomva.com,	OECD	eXplorer	
http://stats.oecd.org/OECDregionalstatistics,	PolicyMap	http://www.policymap.com,	R	http://www.r-project.org,	Social	Explorer	
http://www.socialexplorer.com,	STATcompiler	http://www.statcompiler.com,	State	Cancer	Profiles	
http://statecancerprofiles.cancer.gov/micromaps,	Visokio	Omniscope	http://www.visokio.com,	Visualize	Free	
http://visualizefree.com	and	Worldmapper	http://www.worldmapper.org		
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big	data	to	their	many	possible	uses	in	relation	to	policy	issues.	PoliVisu	provides	a	significant	contribution	in	
this	sense,	as	the	short	reconstruction	of	the	European	approaches	to	big	data	in	urban	(mobility)	policy	has	
demonstrated.	Our	overview	of	the	academic	debate,	strengthened	by	the	references	to	different	ongoing	
experiences,	has	highlighted	how	relevant	is	to	acknowledge	the	multiplicity	of	big	data	in	order	to	exploit	its	
contribution	to	effective	urban	policies.	Such	multiplicity	can	be	observed	in	relation	to	at	least	three	aspects:	
first,	 the	different	sources	and	knowledge	that	big	data	provide;	second,	the	different	roles	that	data	may	
have	 in	 the	different	stages	of	a	policy	cycle;	 third,	 the	many	actors	who	are	 involved	not	simply	 in	policy	
issues,	but	also	in	the	very	production,	storage	and	management	of	big	data.	These	aspects	are	fundamental	
for	defining	how	big	data	can	 intervene	at	different	stages	of	 the	PoliVisu	project	and,	consequently,	help	
design	an	effective	model	for	innovating	urban	policy.	In	this	sense,	this	literature	review	should	not	be	seen	
as	a	stand-alone	piece	of	work	but	more	as	part	of	a	broader	process,	where	desk	research	is	the	first	step,	
followed	by	a	survey	of	big	data	literacy	among	EU	policy	makers,	and	finally	using	the	evidence	collected	to	
ground	an	assessment	of	project	implications	for	the	‘business	of	government’	as	far	as	mobility	policies	are	
concerned.	

9. References	

Aguiléra,	 A.,	 Guillot,	 C.,	 &	 Rallet,	 A.	 (2012).	Mobile	 ICTs	 and	 physical	mobility:	 Review	 and	 research	
agenda.	 Transportation	 Research	 Part	 A:	 Policy	 and	 Practice,	 46(4),	 664–672.	
https://doi.org/10.1016/J.TRA.2012.01.005	

Ahas,	R.,	Aasa,	A.,	Silm,	S.,	&	Tiru,	M.	(2010).	Daily	rhythms	of	suburban	commuters’	movements	in	the	
Tallinn	metropolitan	area:	Case	study	with	mobile	positioning	data.	Transportation	Research	Part	
C:	Emerging	Technologies,	18(1),	45–54.	https://doi.org/10.1016/J.TRC.2009.04.011	

Ahas,	 R.,	 &	 Mark,	 Ü.	 (2005).	 Location	 based	 services—new	 challenges	 for	 planning	 and	 public	
administration?	Futures,	37(6),	547–561.	https://doi.org/10.1016/J.FUTURES.2004.10.012	

Ahas,	 R.,	 Silm,	 S.,	 Järv,	 O.,	 Saluveer,	 E.,	 &	 Tiru,	M.	 (2010).	 Using	Mobile	 Positioning	 Data	 to	Model	
Locations	 Meaningful	 to	 Users	 of	 Mobile	 Phones.	 Journal	 of	 Urban	 Technology,	 17(1),	 3–27.	
https://doi.org/10.1080/10630731003597306	

Allwinkle,	 S.,	 &	 Cruickshank,	 P.	 (2011).	 Creating	 Smart-er	 Cities:	 An	 Overview.	 Journal	 of	 Urban	
Technology,	18(2),	1–16.	https://doi.org/10.1080/10630732.2011.601103	

Amer,	 M.,	 Daim,	 T.	 U.,	 &	 Jetter,	 A.	 (2013).	 A	 review	 of	 scenario	 planning.	 Futures,	 46,	 23–40.	
https://doi.org/10.1016/J.FUTURES.2012.10.003	

Anable,	 J.	 (2005).	 “Complacent	 Car	 Addicts”;	 or	 “Aspiring	 Environmentalists”?	 Identifying	 travel	
behaviour	 segments	 using	 attitude	 theory.	 Transport	 Policy,	 12(1),	 65–78.	
https://doi.org/10.1016/j.tranpol.2004.11.004	

Andrienko,	G.,	Andrienko,	N.,	Demsar,	U.,	Dransch,	D.,	Dykes,	J.,	Fabrikant,	S.	I.,	…	Tominski,	C.	(2010).	
Space,	time	and	visual	analytics.	International	Journal	of	Geographical	Information	Science,	24(10),	
1577–1600.	https://doi.org/10.1080/13658816.2010.508043	

Ascher,	 F.	 (2005).	 La	 métaphore	 est	 un	 transport.	 Cahiers	 Internationaux	 de	 Sociologie,	 118,	 37.	
https://doi.org/10.3917/cis.118.0037	

Banister,	D.,	&	Hickman,	R.	 (2013).	Transport	 futures:	Thinking	 the	unthinkable.	Transport	Policy,	29,	
283–293.	https://doi.org/10.1016/J.TRANPOL.2012.07.005	

Baron	D.P.,	Diermeier	D.	(2007).	Strategic	activism	and	nonmarket	strategy.	Journal	of	Economics	and	
Management	Strategy,16,	599–634.	

Batty,	M.	(2013).	Big	data,	smart	cities	and	city	planning.	Dialogues	in	Human	Geography,	3(3),	274–279.	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 37	 12/01/2018	

https://doi.org/10.1177/2043820613513390	
Bayir,	M.	A.,	Demirbas,	M.,	&	Eagle,	N.	(2010).	Mobility	profiler:	A	framework	for	discovering	mobility	

profiles	 of	 cell	 phone	 users.	 Pervasive	 and	 Mobile	 Computing,	 6(4),	 435–454.	
https://doi.org/10.1016/J.PMCJ.2010.01.003	

Bekhor,	S.,	Toledo,	T.,	&	Prashker,	J.	N.	(2008).	Effects	of	choice	set	size	and	route	choice	models	on	path-
based	 traffic	 assignment.	 Transportmetrica,	 4(2),	 117–133.	
https://doi.org/10.1080/18128600808685682	

Birenboim,	 A.,	 &	 Shoval,	 N.	 (2016).	Mobility	 Research	 in	 the	 Age	 of	 the	 Smartphone.	Annals	 of	 the	
American	Association	of	Geographers,	1–9.	https://doi.org/10.1080/00045608.2015.1100058	

Bourdin,	A.	(2005).	Les	mobilités	et	le	programme	de	la	sociologie.	Cahiers	Internationaux	de	Sociologie,	
118(1),	5–21.	https://doi.org/10.3917/cis.118.0005	

Bowker,	G.	 C.,	&	 Star,	 S.	 (1999).	Sorting	 Things	Out:	 Classification	and	 Its	 Consequences	 (MIT	Press).	
Cambridge	-	London.	

Boyd,	D.,	&	Crawford,	K.	(2012).	Critical	questions	for	big	data.	Information,	Communication	&	Society,	
15(5),	662–679.	https://doi.org/10.1080/1369118X.2012.678878	

Brabham,	D.	C.	(2009).	Crowdsourcing	the	Public	Participation	Process	for	Planning	Projects.	Planning	
Theory,	8(3),	242–262.	https://doi.org/10.1177/1473095209104824	

Bruun,	E.,	&	Givoni,	M.	(2015).	Sustainable	mobility:	Six	research	routes	to	steer	transport	policy.	Nature,	
523(7558),	29–31.	https://doi.org/10.1038/523029a	

Büscher,	M.,	&	Urry,	J.	 (2009).	Mobile	Methods	and	the	Empirical.	European	Journal	of	Social	Theory,	
12(1),	99–116.	https://doi.org/10.1177/1368431008099642	

Button,	K.	(2002).	City	management	and	urban	environmental	 indicators.	Ecological	Economics,	40(2),	
217–233.	https://doi.org/10.1016/S0921-8009(01)00255-5	

Caceres,	N.,	Wideberg,	J.	P.,	&	Benitez,	F.	G.	(2008).	Review	of	traffic	data	estimations	extracted	from	
cellular	networks.	IET	Intelligent	Transport	Systems,	2(3),	179–192.	

Campbell	D.	(1969).	Reforms	as	experiments.	American	Psychologist,24(4),	409–429.	
Cairns,	 S.,	 Sloman,	 L.,	 Newson,	 C.,	 Anable,	 J.,	 Kirkbridge,	 A.,	&	Goodwin,	 P.	 (2008).	 Smarter	 choices:	

Assessing	 the	 potential	 to	 achieve	 traffic	 reductions	 using	 “soft	measures.”	 Transport	 Reviews,	
28(5),	593–618.	https://doi.org/10.1080/01441640801892504	

Casas,	I.,	&	Delmelle,	E.	C.	(2014).	Identifying	dimensions	of	exclusion	from	a	BRT	system	in	a	developing	
country:	 A	 content	 analysis	 approach.	 Journal	 of	 Transport	 Geography,	 39,	 228–237.	
https://doi.org/10.1016/j.jtrangeo.2014.07.013	

Chen,	Z.,	&	Schintler,	L.	A.	(2015).	Sensitivity	of	location-sharing	services	data:	evidence	from	American	
travel	pattern.	Transportation,	42(4),	669–682.	https://doi.org/10.1007/s11116-015-9596-z	

Ciasullo,	M.	V.,	Palumbo,	R.,	&	Troisi,	O.	(2017).	Reading	Public	Service	Co-Production	through	the	Lenses	
of	 Requisite	 Variety.	 International	 Journal	 of	 Business	 and	 Management,	 12(2),	 1.	
https://doi.org/10.5539/ijbm.v12n2p1	

Citymapper.	 (2017).	 Say	 Hello	 to	 the	 Citymapper	 Smartbus.	 Retrieved	 from	
https://citymapper.com/smartbus	

Concilio	G.,	Celino	A.	(2012)	Learning	and	Innovation	in	Living	Lab	environments.	In:	Schiuma	G.,	Spender	
J.C.,	 Yigitcanlar	 T.	 (eds)	 Knowledge,	 innovation	 and	 sustainability.	 Integrating	 micro	 &	 macro	
perspectives.	

Concilio	G.,	Rizzo	F.	 (2012)	Enabling	situated	open	and	participatory	design	processes	by	exploiting	a	
digital	platform	for	open	innovation	in	smart	cities.	In	Miettinen	S.,	Valtonen	A.	(eds)	Service	Design	
with	Theory,	Lapland	University	Press,	66-72.	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 38	 12/01/2018	

Cresswell,	T.	(2006).	On	the	Move:	Mobility	in	the	Modern	Western	World.	London:	Routledge.	
Croci	E.	(2005).	The	handbook	of	environmental	voluntary	agreements.	Dordrecht:	Springer.	
Diana,	 M.,	 &	 Pronello,	 C.	 (2010).	 Traveler	 segmentation	 strategy	 with	 nominal	 variables	 through	

correspondence	 analysis.	 Transport	 Policy,	 17(3),	 183–190.	
https://doi.org/10.1016/J.TRANPOL.2010.01.005	

Dodge,	M.,	&	Kitchin,	R.	(2007).	The	automatic	management	of	drivers	and	driving	spaces.	Geoforum,	38,	
264–275.	https://doi.org/10.1016/j.geoforum.2006.08.004	

Dreborg,	K.	H.	(1996).	Essence	of	backcasting.	Futures,	28(9),	813–828.	https://doi.org/10.1016/S0016-
3287(96)00044-4	

Ehrenberg,	A.	(1995).	L’individu	incertain.	Paris:	Calmann-Lévy.	
Einav,	L.,	&	Levin,	J.	D.	(2013).	The	Data	Revolution	and	Economic	Analysis	(NBER	Working	Paper	Series	

No.	19035).	Cambridge.	
European	Commission	(2013).	Guide	to	Social	Innovation.	Brussels.	
European	Commission.	(2014).	Towards	a	thriving	data-driven	economy.	Brussels.	
European	Commission.	(2016).	Connectivity	for	a	Competitive	Digital	Single	Market	-	Towards	a	European	

Gigabit	Society.	Brussels.	
European	Commission.	(2017).	Building	a	European	Data	Economy.	Brussels.	
Falco,	E.,	Malavolta,	I.,	Radzimski,	A.,	Ruberto,	S.,	Iovino,	L.,	&	Gallo,	F.	(2017).	Smart	City	L’Aquila:	An	

Application	of	the	“Infostructure”	Approach	to	Public	Urban	Mobility	 in	a	Post-Disaster	Context.	
Journal	of	Urban	Technology,	1–23.	https://doi.org/10.1080/10630732.2017.1362901	

Flamm,	 M.,	 &	 Kaufmann,	 V.	 (2006).	 Operationalising	 the	 Concept	 of	 Motility:	 A	 Qualitative	 Study.	
Mobilities,	1(2),	167–189.	https://doi.org/10.1080/17450100600726563	

Floridi,	L.	 (2012).	Big	Data	and	Their	Epistemological	Challenge.	Philosophy	&	Technology,	25(4),	435–
437.	https://doi.org/10.1007/s13347-012-0093-4	

Fontaine,	M.,	&	Smith,	B.	(2005).	Part	1:	Freeway	Operations:	Probe-Based	Traffic	Monitoring	Systems	
with	Wireless	Location	Technology:	An	Investigation	of	the	Relationship	Between	System	Design	
and	Effectiveness.	Transportation	Research	Record:	Journal	of	the	Transportation	Research	Board,	
1925,	2–11.	https://doi.org/10.3141/1925-01	

Gallez,	C.,	&	Kaufmann,	V.	(2009).	Aux	racines	de	la	mobilité	en	sciences	sociales.	In	M.	Flonneau	&	V.	
Guigueno	 (Eds.),	 De	 l’histoire	 des	 transports	 à	 l’histoire	 de	 la	 mobilité?	 Rennes:	 Presses	
Universitaires	de	Rennes.	

Gillespie,	 T.,	 Boczkowski,	 P.	 J.,	 &	 Foot,	 K.	 A.	 (2014).	Media	 technologies:	 essays	 on	 communication,	
materiality,	and	society.	Cambridge	-	London:	MIT	Press.	

Gitelman,	 L.,	 &	 Jackson,	 V.	 (2013).	 Introduction.	 In	 L.	 Gitelman	 (Ed.),	 “Raw	 Data”	 Is	 an	 Oximoron.	
Cambridge	-	London:	MIT	Press.	

Goodchild,	M.	F.	(2007).	Citizens	as	sensors:	the	world	of	volunteered	geography.	GeoJournal,	69(4),	211–
221.	https://doi.org/10.1007/s10708-007-9111-y	

Goulden,	M.,	Ryley,	T.,	&	Dingwall,	R.	(2014).	Beyond	“predict	and	provide”:	UK	transport,	the	growth	
paradigm	 and	 climate	 change.	 Transport	 Policy,	 32,	 139–147.	
https://doi.org/10.1016/J.TRANPOL.2014.01.006	

Graham,	M.	(2011).	Time	machines	and	virtual	portals:	the	spatialities	of	the	digital	divide.	Progress	in	
Development	Studies,	11(3),	211–27.	https://doi.org/10.1177/146499341001100303	

Graham,	M.,	&	 Shelton,	 T.	 (2013).	Geography	 and	 the	 future	of	 big	 data,	 big	 data	 and	 the	 future	of	
geography.	 Dialogues	 in	 Human	 Geography,	 3(3),	 255–261.	
https://doi.org/10.1177/2043820613513121	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 39	 12/01/2018	

Hickman,	R.,	Ashiru,	O.,	&	Banister,	D.	(2010).	Transport	and	climate	change:	Simulating	the	options	for	
carbon	 reduction	 in	 London.	 Transport	 Policy,	 17(2),	 110–125.	
https://doi.org/10.1016/J.TRANPOL.2009.12.002	

Hirson,	 R.	 (2015).	 Uber:	 The	 Big	 Data	 Company.	 Forbes.	 Retrieved	 from	
https://www.forbes.com/sites/ronhirson/2015/03/23/uber-the-big-data-
company/#44561f4118c7	

Howe,	 J.	 (2006).	 Crowdsourcing:	 Crowdsourcing:	 A	 Definition.	 Retrieved	 November	 27,	 2017,	 from	
http://crowdsourcing.typepad.com/cs/2006/06/crowdsourcing_a.html	

International	Open	Data	Charter.	(2017).	International	Open	Data	Charter.	Retrieved	December	4,	2017,	
from	https://opendatacharter.net/#	

Jain,	J.	(2006).	Bypassing	and	WAPing:	Reconfiguring	Timetables	for	“Real-time”	Mobility.	In	M.	Sheller	
&	J.	Urry	(Eds.),	Mobile	Technologies		of	the	City.	Abingdon:	Routledge.	

Janelle,	 D.,	&	Gillespie,	 A.	 (2004).	 Space–time	 constructs	 for	 linking	 information	 and	 communication	
technologies	 with	 issues	 in	 sustainable	 transportation.	 Transport	 Reviews,	 24(6),	 665–677.	
https://doi.org/10.1080/0144164042000292452	

Jariyasunant,	J.,	Abou-Zeid,	M.,	Carrel,	A.,	Ekambaram,	V.,	Gaker,	D.,	Sengupta,	R.,	&	Walker,	J.	L.	(2015).	
Quantified	Traveler:	Travel	Feedback	Meets	the	Cloud	to	Change	Behavior.	Journal	of	 Intelligent	
Transportation	Systems,	19(2),	109–124.	https://doi.org/10.1080/15472450.2013.856714	

Järv,	O.,	Ahas,	R.,	&	Witlox,	 F.	 (2014).	Understanding	monthly	 variability	 in	human	activity	 spaces:	A	
twelve-month	 study	 using	 mobile	 phone	 call	 detail	 records.	 Transportation	 Research	 Part	 C:	
Emerging	Technologies,	38,	122–135.	https://doi.org/10.1016/j.trc.2013.11.003	

Jensen,	O.	B.	(2015).	The	will	to	connection:	A	research	agenda	for	the	“programmable	city”	and	an	ICT	
“toolbox”	 for	 urban	 planning.	 In	 A.	 de	 Souza	 e	 Silva	 &	M.	 Sheller	 (Eds.),	Mobility	 and	 Locative	
Media :	Mobile	communication	in	hybrid	spaces.	London:	Routledge.	

Kamateri	E.	et	al.	(2015)	A	Comparative	Analysis	of	Tools	and	Technologies	for	Policy	Making.	In:	Janssen	
M.,	Wimmer	M.,	 Deljoo	 A.	 (eds)	 Policy	 Practice	 and	 Digital	 Science.	 Public	 Administration	 and	
Information	Technology,	vol	10.	Springer,	Cham.	

Kaufmann,	V.	(2002).	Re-Thinking	Mobility.	Farnham:	Ashgate.	
Kazhamiakin,	 R.,	Marconi,	 A.,	 Perillo,	M.,	 Pistore,	M.,	 Valetto,	 G.,	 Piras,	 L.,	 …	 Perri,	 N.	 (2015).	 Using	

Gamification	 to	 Incentivize	 Sustainable	 Urban	 Mobility	 Using	 Gamification	 to	 Incentivize	
Sustainable	 Urban	 Mobility.	 In	 1st	 IEEE	 International	 Smart	 Cities	 Conference	 (pp.	 1–6).	
https://doi.org/10.1109/ISC2.2015.7366196	

Kim,	S.,	Lewis,	M.	E.,	&	White,	C.	C.	(2005).	Optimal	Vehicle	Routing	With	Real-Time	Traffic	Information.	
IEEE	 Transactions	 on	 Intelligent	 Transportation	 Systems,	 6(2),	 178–188.	
https://doi.org/10.1109/TITS.2005.848362	

Kitchin,	 R.	 (2014a).	 Big	 Data,	 new	 epistemologies	 and	 paradigm	 shifts.	 Big	 Data	 &	 Society,	 1(1),	
205395171452848.	https://doi.org/10.1177/2053951714528481	

Kitchin,	 R.	 (2014b).	 The	 real-time	 city?	 Big	 data	 and	 smart	 urbanism.	 GeoJournal,	 79(1),	 1–14.	
https://doi.org/10.1007/s10708-013-9516-8	

Kitchin,	 R.	 (2014c).	 The	 data	 revolution.	 Big	 Data,	 Open	 Data,	 Data	 Infrastructures	 and	 Their	
Consequences,	Sage	Publications	Ltd,	Singapore.	

Kitchin,	R.,	&	Dodge,	M.	(2011).	Code/Space.	Software	and	Everyday	Life.	Cambridge	-	London:	MIT	Press.	
Kloeckl,	K.,	Senn,	O.,	&	Ratti,	C.	(2012).	Enabling	the	Real-Time	City:	LIVE	Singapore!	Journal	of	Urban	

Technology,	19(10),	89–112.	https://doi.org/10.1080/10630732.2012.698068	
Knockaert,	J.,	Tsenga,	Y.	Y.,	Verhoef,	E.	T.,	&	Rouwendal,	J.	(2012).	The	Spitsmijdene	xperiment:	A	reward	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 40	 12/01/2018	

to	battle	congestion.	Transport	Policy,	24,	260–272.	https://doi.org/10.1016/j.tranpol.2012.07.007	
Kudo,	H.	(2016).	Co-design,	Co-creation,	and	Co-production	of	Smart	Mobility	System.	In	P.	L.	Rau	(Ed.),	

Cross-Cultural	 Design.	 CCD	 2016	 (Vol.	 9741,	 pp.	 551–562).	 Berlin:	 Springer.	
https://doi.org/10.1007/978-3-319-40093-8	

Kwan,	M.-P.	(2016).	Algorithmic	Geographies:	Big	Data,	Algorithmic	Uncertainty,	and	the	Production	of	
Geographic	 Knowledge.	 Annals	 of	 the	 American	 Association	 of	 Geographers,	 106(2),	 274–282.	
https://doi.org/10.1080/00045608.2015.1117937	

Kwan,	M.-P.,	Dijst,	M.,	&	Schwanen,	T.	(2007).	The	interaction	between	ICT	and	human	activity-travel	
behavior.	 Transportation	 Research	 Part	 A:	 Policy	 and	 Practice,	 41(2),	 121–124.	
https://doi.org/10.1016/J.TRA.2006.02.002	

Lanzendorf,	M.	 (2010).	 Key	 Events	 and	 Their	 Effect	 on	Mobility	 Biographies:	 The	 Case	 of	 Childbirth.	
International	 Journal	 of	 Sustainable	 Transportation,	 4(5),	 272–292.	
https://doi.org/10.1080/15568310903145188	

Lazer,	D.,	Kennedy,	R.,	King,	G.,	&	Vespignani,	A.	 (2011).	The	Parable	of	Google	Flu:	Traps	 in	Big	Data	
Analysis.	Science,	331(6018),	719–721.	https://doi.org/10.1126/science.1197872	

Lévy,	J.	(1999).	Le	tournant	géographique.	Paris:	.	Editions	Belin.	
Ling,	R.,	&	Yttri,	B.	(2002).	Hyper-coordination	via	mobile	phones	in	Norway.	In	J.	E.	Katz	&	M.	Aakhus	

(Eds.),	 Perpetual	 Contact	 (pp.	 139–169).	 Cambridge:	 Cambridge	 University	 Press.	
https://doi.org/10.1017/CBO9780511489471.013	

Liu,	Y.,	Sui,	Z.,	Kang,	C.,	&	Gao,	Y.	(2014).	Uncovering	Patterns	of	Inter-Urban	Trip	and	Spatial	Interaction	
from	 Social	 Media	 Check-In	 Data.	 PLoS	 ONE,	 9(1),	 e86026.	
https://doi.org/10.1371/journal.pone.0086026	

Lovelace,	R.,	Birkin,	M.,	Cross,	P.,	&	Clarke,	M.	(2016).	From	Big	Noise	to	Big	Data:	Toward	the	Verification	
of	Large	Data	sets	for	Understanding	Regional	Retail	Flows.	Geographical	Analysis,	48(1),	59–81.	
https://doi.org/10.1111/gean.12081	

Lu,	H.,	Sun,	Z.,	&	Qu,	W.	(2015).	Big	Data-Driven	Based	Real-Time	Traffic	Flow	State	Identification	and	
Prediction.	 Discrete	 Dynamics	 in	 Nature	 and	 Society,	 2015,	 1–11.	
https://doi.org/10.1155/2015/284906	

Lv,	Y.,	Duan,	Y.,	Kang,	W.,	 Li,	 Z.,	&	Wang,	 F.-Y.	 (2014).	 Traffic	 Flow	Prediction	With	Big	Data:	A	Deep	
Learning	 Approach.	 IEEE	 Transactions	 on	 Intelligent	 Transportation	 Systems,	 1–9.	
https://doi.org/10.1109/TITS.2014.2345663	

Ma,	X.,	Wu,	Y.-J.,	Wang,	Y.,	Chen,	F.,	&	Liu,	 J.	 (2013).	Mining	smart	card	data	for	transit	riders’	 travel	
patterns.	 Transportation	 Research	 Part	 C:	 Emerging	 Technologies,	 36,	 1–12.	
https://doi.org/10.1016/J.TRC.2013.07.010	

Mameli,	F.,	&	Marletto,	G.	(2014).	Can	National	Survey	Data	be	Used	to	Select	a	Core	Set	of	Sustainability	
Indicators	 for	 Monitoring	 Urban	 Mobility	 Policies?	 International	 Journal	 of	 Sustainable	
Transportation,	8(5),	336–359.	https://doi.org/10.1080/15568318.2012.700000	

Manfredini,	F.,	Pucci,	P.,	&	Tagliolato,	P.	(2016).	Mobile	Phone	Data	in	Reading	Mobility	Practices.	In	P.	
Pucci	 &	M.	 Colleoni	 (Eds.),	Understanding	Mobilities	 for	 Designing	 Contemporary	 Cities.	 Berlin:	
Springer.	

Martens,	K.	(2006).	Basing	Transport	Planning	on	Principles	of	Social	Justice.	Berkeley	Planning	Journal,	
19,	1–17.	

Marz,	N.,	&	Warren,	J.	 (James	O.	 .	 (2015).	Big	data:	principles	and	best	practices	of	scalable	real-time	
data	systems.	Greenwich:	Manning.	

Mayer-Schönberger,	V.,	&	Cukier,	K.	(2013).	Big	data:	a	revolution	that	will	transform	how	we	live,	work,	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 41	 12/01/2018	

and	think.	Boston	-	New	York:	Houghton	Mifflin	Harcourt.	
McFadgen	B.	(2013)	Learning	from	policy	experiments	in	adaptation	governance.	Paper	presented	at	the	

international	conference	on	public	policy.	Grenoble,	France.	
McFadgen	B.,	Huitema	D.	 (2017).	 Stimulating	 Learning	 through	Policy	 Experimentation:	A	Multi-Case	

Analysis	of	How	Design	Influences	Policy	Learning	Outcomes	in	Experiments	for	Climate	Adaptation.	
Water,	9(9):	648.	

Morozov,	 E.	 (2016).	 The	 state	 has	 lost	 control:	 tech	 firms	 now	 run	 western	 politics.	 The	 Guardian.	
Retrieved	 from	 https://www.theguardian.com/commentisfree/2016/mar/27/tech-firms-run-
western-politics-evgeny-morozov	

Nair	S.,	Howlett	M.	(2015)	Scaling	up	of	Policy	Experiments	and	Pilots:	A	Qualitative	Comparative	Analysis	
and	Lessons	for	the	Water	Sector.	Water	Resour	Manage,	29:	4945–4961	

Noulas,	A.,	Scellato,	S.,	Lambiotte,	R.,	Pontil,	M.,	&	Mascolo,	C.	(2012).	A	Tale	of	Many	Cities:	Universal	
Patterns	 in	 Human	 Urban	 Mobility.	 PLoS	 ONE,	 7(5),	 e37027.	
https://doi.org/10.1371/journal.pone.0037027	

Nunes,	A.	A.,	Galvão,	T.,	&	Cunha,	J.	F.	e.	(2014).	Urban	Public	Transport	Service	Co-creation:	Leveraging	
Passenger’s	Knowledge	to	Enhance	Travel	Experience.	Procedia	-	Social	and	Behavioral	Sciences,	
111,	577–585.	https://doi.org/10.1016/j.sbspro.2014.01.091	

Obar,	J.	A.,	&	Wildman,	S.	(2015).	Social	media	definition	and	the	governance	challenge:	An	introduction	
to	 the	 special	 issue.	 Telecommunications	 Policy,	 39(9),	 745–750.	
https://doi.org/10.1016/J.TELPOL.2015.07.014	

Orfeuil,	 J.-P.	 (Ed.).	 (2004).	Transports,	 pauvretés,	 exclusions:	 Pouvoir	 bouger	 pour	 s’en	 sortir.	 La	 Tour	
d’Aigues:	Éditions	de	l’Aube.	

Pahl-Wostl	C.	 (2009)	A	conceptual	framework	for	analysing	adaptive	capacity	and	multi-level	 learning	
processes	in	resource	governance	regimes.	In	Global	Environmental	Change,	19,	354-365.	

Pang,	 B.,	 &	 Lee,	 L.	 (2008).	 Opinion	 Mining	 and	 Sentiment	 Analysis.	 Foundations	 and	 Trends®	 in	
Information	Retrieval,	2(1–2),	1–135.	https://doi.org/10.1561/1500000011	

Partnership	on	Digital	Transition.	(2017).	Digital	Transition	Orientation	Paper.	Brussels.	
Pelletier,	M.-P.,	Trépanier,	M.,	&	Morency,	C.	(2011).	Smart	card	data	use	in	public	transit:	A	literature	

review.	 Transportation	 Research	 Part	 C:	 Emerging	 Technologies,	 19(4),	 557–568.	
https://doi.org/10.1016/J.TRC.2010.12.003	

Poorthuis,	A.,	&	Zook,	M.	(2017).	Making	Big	Data	Small:	Strategies	to	Expand	Urban	and	Geographical	
Research	 Using	 Social	 Media.	 Journal	 of	 Urban	 Technology,	 24(4),	 115–135.	
https://doi.org/10.1080/10630732.2017.1335153	

Postma,	T.	J.	B.	M.,	&	Liebl,	F.	(2005).	How	to	improve	scenario	analysis	as	a	strategic	management	tool?	
Technological	 Forecasting	 and	 Social	 Change,	 72(2),	 161–173.	
https://doi.org/10.1016/J.TECHFORE.2003.11.005	

Pred,	 A.	 (1984).	 Place	 as	 Historically	 Contingent	 Process:	 Structuration	 and	 the	 Time-Geography	 of	
Becoming	 Places.	 Annals	 of	 the	 Association	 of	 American	 Geographers,	 74(2),	 279–297.	
https://doi.org/10.1111/j.1467-8306.1984.tb01453.x	

Pucci,	P.	 (2016).	Mobility	practices	as	a	knowledge	and	design	tool	 for	urban	policy.	 In	P.	Pucci	&	M.	
Colleoni	(Eds.),	Understanding	Mobilities	for	Designing	Contemporary	Citie.	Berlin:	Springer.	

Pucci,	P.,	Manfredini,	F.,	&	Tagliolato,	P.	(2015).	Mapping	urban	practices	through	mobile	phone	data.	
Berlin:	Springer.	

Rabari,	C.,	&	Storper,	M.	(2015).	The	digital	skin	of	cities:	urban	theory	and	research	in	the	age	of	the	
sensored	 and	metered	 city,	 ubiquitous	 computing	 and	 big	 data.	Cambridge	 Journal	 of	 Regions,	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 42	 12/01/2018	

Economy	and	Society,	8(1),	27–42.	https://doi.org/10.1093/cjres/rsu021	
Ratti,	C.,	Frenchman,	D.,	Pulselli,	R.	M.,	&	Williams,	S.	(2006).	Mobile	Landscapes:	Using	Location	Data	

from	Cell	Phones	for	Urban	Analysis.	Environment	and	Planning	B:	Planning	and	Design,	33(5),	727–
748.	https://doi.org/10.1068/b32047	

Reades,	 J.,	 Calabrese,	 F.,	 Sevtsuk,	 A.,	 &	 Ratti,	 C.	 (2007).	 Cellular	 Census:	 Explorations	 in	 Urban	 Data	
Collection.	IEEE	Pervasive	Computing,	6(3),	30–38.	https://doi.org/10.1109/MPRV.2007.53	

Sager,	 T.	 (2006).	 Freedom	 as	Mobility:	 Implications	 of	 the	 Distinction	 between	 Actual	 and	 Potential	
Travelling.	Mobilities,	1(3),	465–488.	https://doi.org/10.1080/17450100600902420	

Schön,	D.	(1983).	The	Reflective	Practitioner.	New	York:	Basic	Books.	
Schwanen,	T.	(2015).	Beyond	instrument:	Smartphone	app	and	sustainable	mobility.	European	Journal	

of	Transport	and	Infrastructure	Research,	15(4),	675–690.	
Schwanen,	T.	(2017).	Geographies	of	transport	II:	reconciling	the	general	and	the	particular.	Progress	in	

Human	Geography,	41(3),	355–364.	https://doi.org/10.1177/0309132516628259	
Sevtsuk,	A.,	&	Ratti,	C.	(2010).	Does	Urban	Mobility	Have	a	Daily	Routine?	Learning	from	the	Aggregate	

Data	 of	 Mobile	 Networks.	 Journal	 of	 Urban	 Technology,	 17(1),	 41–60.	
https://doi.org/10.1080/10630731003597322	

Shaheen,	 S.,	 Guzman,	 S.,	 &	 Zhang,	 H.	 (2010).	 Bikesharing	 in	 Europe,	 the	 Americas,	 and	 Asia.	
Transportation	 Research	 Record:	 Journal	 of	 the	 Transportation	 Research	Board,	2143,	 159–167.	
https://doi.org/10.3141/2143-20	

Sheller,	M.,	&	Urry,	J.	(2006).	The	new	mobilities	paradigm.	Environment	and	Planning	A,	38(2),	207–226.	
https://doi.org/10.1068/a37268	

Shoval,	N.,	&	Ahas,	R.	 (2016).	 The	use	of	 tracking	 technologies	 in	 tourism	 research:	 the	 first	decade.	
Tourism	Geographies,	18(5),	587–606.	https://doi.org/10.1080/14616688.2016.1214977	

Shoval,	N.,	Kwan,	M.-P.,	Reinau,	K.	H.,	&	Harder,	H.	 (2014).	The	shoemaker’s	son	always	goes	
barefoot:	Implementations	of	GPS	and	other	tracking	technologies	for	geographic	research.	
Geoforum,	51,	1–5.	https://doi.org/10.1016/j.geoforum.2013.09.016	

Shoval,	N.	Schvimer,Y.,	Tamir,	M.	(2018),	Tracking	technologies	and	urban	analysis:	Adding	the	
emotional	dimension,	.	Cities	72,	34–42.	

Song,	C.,	Qu,	Z.,	Blumm,	N.,	&	Barabási,	A.-L.	(2010).	Limits	of	predictability	in	human	mobility.	
Science,	327(5968),	1018–21.	https://doi.org/10.1126/science.1177170	

Soto,	 V.,	 &	 Frías-Martínez,	 E.	 (2011).	 Automated	 land	 use	 identification	 using	 cell-phone	 records.	 In	
Proceedings	of	the	3rd	ACM	international	workshop	on	MobiArch.	

Srinivasan,	K.,	&	Raghavender,	P.	(2006).	Impact	of	Mobile	Phones	on	Travel:	Empirical	Analysis	of	Activity	
Chaining,	 Ridesharing,	 and	 Virtual	 Shopping.	 Transportation	 Research	 Record:	 Journal	 of	 the	
Transportation	Research	Board,	1977,	258–267.	https://doi.org/10.3141/1977-32	

Tasseron,	G.,	&	Martens,	K.	(2017).	The	Impact	of	Bottom-Up	Parking	Information	Provision	in	a	Real-Life	
Context:	 The	 Case	 of	 Antwerp.	 Journal	 of	 Advanced	 Transportation,	 2017,	 1–15.	
https://doi.org/10.1155/2017/1812045	

Taylor,	L.	(2016).	No	place	to	hide?	The	ethics	and	analytics	of	tracking	mobility	using	mobile	phone	data.	
Environment	 and	 Planning	 D:	 Society	 and	 Space,	 34(2),	 319–336.	
https://doi.org/10.1177/0263775815608851	

te	 Brömmelstroet,	 M.	 (2014).	 Sometimes	 you	 want	 people	 to	 make	 the	 right	 choices	 for	 the	 right	
reasons:	 Potential	 perversity	 and	 jeopardy	 of	 behavioural	 change	 campaigns	 in	 the	 mobility	
domain.	 Journal	 of	 Transport	 Geography,	 39,	 141–144.	



	

D3.1	Experimental	dimension	of	policy	making	 	

©	769608	PoliVisu	Project	Partners	 43	 12/01/2018	

https://doi.org/10.1016/j.jtrangeo.2014.07.001	
Tiru,	 M.,	 Saluveer,	 E.,	 Ahas,	 R.,	 &	 Aasa,	 A.	 (2010).	 The	 Positium	 Barometer:	 A	 Web-Based	 Tool	 for	

Monitoring	 the	 Mobility	 of	 Tourists.	 Journal	 of	 Urban	 Technology,	 17(1),	 71–89.	
https://doi.org/10.1080/10630731003597348	

Tomitsch,	M.,	&	Haeusler,	M.	H.	(2015).	Infostructures:	Towards	a	Complementary	Approach	for	Solving	
Urban	 Challenges	 through	 Digital	 Technologies.	 Journal	 of	 Urban	 Technology,	 22(3),	 37–53.	
https://doi.org/10.1080/10630732.2015.1040296	

Townsend,	A.	(2000).	Life	in	the	real	-	time	city:	mobile	telephones	and	urban	metabolism.	Journal	of	
Urban	Technology,	7(2),	85–104.	

Tricarico,	L.,	Vecchio,	G.,	&	Testoni,	S.	(2016).	Comunità	di	pratiche	della	mobilità	urbana:	innovazione,	
condivisione	e	behavioural	economics.	Working	Papers.	Rivista	Online	Di	Urban@it,	1.	

Uber.	 (2017).	 Uber	 Movement:	 Let’s	 find	 smarter	 ways	 forward.	 Retrieved	 April	 30,	 2017,	 from	
https://movement.uber.com/cities	

United	 Nations	 -	 Economic	 Commission	 for	 Europe.	 (2013).	 Report	 of	 the	 Conference	 of	 European	
Statisticians.	Geneva.	

Urry,	J.	(2000).	Sociology	Beyond	Societies:	Mobilities	for	the	Twenty-First	Century.	Abingdon:	Routledge.	
van	den	Akker,	R.	(2014).	Mobility	and	locative	media :	mobile	communication	in	hybrid	spaces.	(A.	de	

Souza	e	Silva	&	M.	Sheller,	Eds.).	Abingdon:	Routledge.	
van	der	Heijden	(2014)	Experimentation	in	policy	design:	insights	from	the	building	sector.	Policy	Sci,	47:	

249-266.	
van	Wee,	B.	(2013).	The	traffic	and	transport	system	and	effects	on	accessibility,	the	environment	and	

safety:	an	introduction.	In	B.	Van	Wee,	J.	A.	Annema,	&	D.	Banister	(Eds.),	The	Transport	System	and	
Transport	Policy.	Celtenham:	Elgar.	

Vasserman,	S.,	Feldman,	M.,	&	Hassidim,	A.	(2015).	Implementing	the	Wisdom	of	Waze.	In	Proceedings	
of	 the	24th	 International	Conference	on	Artificial	 Intelligence	 (pp.	660–666).	Buenos	Aires:	AAAI	
Press.	

Villanueva,	 F.	 J.,	 Aguirre,	 C.,	 Rubio,	A.,	Villa,	D.,	 Santofimia,	M.	 J.,	&	 López,	 J.	 C.	 (2016).	Data	 stream	
visualization	 framework	 for	 smart	 cities.	 Soft	 Computing,	 20(5),	 1671–1681.	
https://doi.org/10.1007/s00500-015-1829-8	

Vincent-Geslin,	S.,	&	Kaufmann,	V.	(2011).	Mobilité	sans	racines:	plus	loin,	plus	vite…	plus	mobile?	Paris:	
Descartses	&	Cie.	

Yip,	N.	M.,	Forrest,	R.,	&	Xian,	S.	(2016).	Exploring	segregation	and	mobilities:	Application	of	an	activity	
tracking	app	on	mobile	phone.	Cities,	59,	156–163.	https://doi.org/10.1016/j.cities.2016.02.003	

Yuthas	K.,	Dillard	J.,	Rogers	R.	 (2004)	Beyond	agency	and	structure:	Triple-loop	 learning.	 In	Journal	of	
Business	Ethics,	51(2),	229-243.	

Zhang,	 J.,	 Wang,	 F.-Y.,	 Wang,	 K.,	 Lin,	 W.-H.,	 Xu,	 X.,	 &	 Chen,	 C.	 (2011).	 Data-Driven	 Intelligent	
Transportation	Systems:	A	Survey.	IEEE	Transactions	on	Intelligent	Transportation	Systems,	12(4),	
1624–1639.	https://doi.org/10.1109/TITS.2011.2158001	

Zikopoulos,	P.,	&	Eaton,	C.	(2011).	Understanding	Big	Data:	Analytics	for	Enterprise	Class	Hadoop	and	
Streaming	Data.	New	York:	McGraw-Hill.	

	
	


