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e App-based persuasive technologies for behavior change are increasingly exploited to promote sustainable mobility

e Self-selection and attrition due to the opt-in framework may affect their actual impact and bias the estimate of this
impact

e We analyze mobility data collected in an app-based behavior change intervention run in Southern Switzerland

e Comparison with census mobility data of the reference population and analysis of app use over time show no evidence
of critical biases

e Further research is worth analyzing the app’s actual impact and the reasons for the observed high drop-out rate
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ABSTRACT

App-based persuasive technologies emerged as promising tools to promote sustainable travel behavior.
However, the opt-in, self-selection framework characterizing their use in real-life conditions might
actually lead to wrongly estimate their potential and actual impact in analyses that do not rely on
strict randomized controlled trials. To investigate evidence of such biases, we analyze mobility data
gathered from users of a persuasive app promoting public transport and active mobility launched in
2018 in Bellinzona (Switzerland). We consider the users’ baseline mobility data: km per day (total and
by car) traveled during the app validation period, when behavior change motivational features were
not enabled. To estimate the possible self-selection bias, we compare these data with the reference
population, using data from the Swiss Mobility and Transport Census; to study the possible attrition
bias, we look at the relations between baseline mobility and the number of weeks of app’s active use.
We find evidence of neither self-selection nor critical attrition biases. This strengthens findings by
earlier non RCT-based analyses and confirms the relevance of app-based persuasive technologies for
mobility behavior change.

1. Introduction

The need for a radical change in the mobility system
has long been acknowledged (Banister, 2008; Holden et al.,
2020). A substantial body of research is investigating how
to address the ‘automobility’ regime (Urry, 2004) and the
automobile dependence (Newman and Kenworthy, 1999) in
order to support the transition to low-carbon mobility sys-
tems and achieve international climate protection goals. Re-
ducing car dependence and favoring sustainable mobility re-
quire a variety of complementary policy tools, capable of
producing a radical socio-technical transition in current con-
sumption patterns: technology improvement, infrastructure
provision, land-use planning, command-and-control regula-
tions, Pigouvian taxes and market-based instruments, as well
as cognitive and motivational tools, such as social marketing
and nudging. In fact, the current mobility regime is not sim-
ply shaped by individual attitudes and consequent choices
(Shove, 2010), but it is the outcome of a complex system of
provisions, shaped by the interaction between institutions,
infrastructure, and daily life practices, reciprocally strength-
ening each other and reinforcing car use (Cairns et al., 2014;
Mattioli et al., 2020).

While fully acknowledging the limited impact of calls
for individual behavior change alone, behavior change poli-
cies can however act as leverages helping to build individual
and collective commitment towards change (O’Brien, 2015;
Amel et al., 2017). They can stimulate individuals to collec-
tive action and political agency, activating them to call for a
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wider action by institutions. Eventually, these policies can
steer a socio-technical transformation in the systems of pro-
visions behind car use and favor the social shaping of new
shared, cultural meanings around mobility.

Since Fogg’s (1998; 2003) seminal contributions, who
introduced the concept of persuasive technology within the
framework of a new discipline he named ‘captology’ (the
study of Computers As Persuasive Technologies), a growing
body of literature is studying the effects of coupling Informa-
tion and Communication Technology (ICT) with behavior
change persuasion techniques. Fogg (1998) defines persua-
sive computers as interactive technologies that “attempt to
shape, reinforce, or change behaviors, feelings, or thoughts
about an issue, object, or action” (p.225). Some authors re-
fer to the strictly related concept of behavior change sup-
port system (BCSS) introduced by Oinas-Kukkonen (2013),
which indicates any “sociotechnical information system with
psychological and behavioral outcomes designed to form, al-
ter or reinforce attitudes, behaviors or an act of complying
without using coercion or deception” (p. 1225). In this pa-
per, we refer to Fogg’s (1998) original definition.

Persuasive technologies usually exploit a combination of
persuasive techniques, which have many points in common
with the nudging approach (Sunstein, 2014). In fact, the
most commonly used techniques are: providing feedback on
consequences of individual choices (e.g. the impact on en-
ergy consumption or CO, emissions); inviting to define per-
sonal goals for change or engage in individual or collective
challenges (competition or collaboration); comparing per-
formances within the virtual communities of users of the
same software (social comparison through leader-boards);
rewarding through virtual elements (badges or notification
messages) or tangible prizes (collection of points to be re-
deemed by prizes). Such techniques frequently adopt game
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elements in non-gaming contexts, a phenomenon commonly
referred to as gamification (Deterding et al., 2011; Hamari
et al., 2015; Hamari, 2017).

According to self-determination theory (Deci and Ryan,
2008), the above persuasive elements would act as ‘extrin-
sic motivational factors’. In particular, following Ryan and
Deci’s (2000) classification of extrinsic motivational factors,
that further distinguishes between ‘external regulation’ (ex-
trinsic rewards and punishments with low motivational ef-
fects) and ‘integrated regulation’ (hierarchical synthesis of
goals, having comparable motivational effect as intrinsic fac-
tors), depending on the level of self-determination of indi-
vidual actions, most persuasive technologies rely on exter-
nal regulation (tangible prizes such as vouchers or discounts
for local shops and services), coupling them with integrated
regulation (e.g. individual goal setting or the creation of a
feeling of a community between their users, by prompting
collaboration activities between their members). Follow-
ing the motivation crowding theory (Frey and Jegen, 2001),
use of such extrinsic motivational factors, and particularly
of tangible prizes, would support an increase in the individ-
uals’ intrinsic motivation and self-determination to change,
provided that the individuals perceive them as ‘supportive’
(they foster their self-esteem and at the same time strengthen
their perception of freedom to act), instead of ‘controlling’.

Persuasive technologies tackling urban mobility issues
and supporting the transition to low-carbon mobility have
been increasingly developed in smart city programs (Coc-
chia, 2014; Silva et al., 2018). Indeed, most of the cities
that embrace the smart city framework focus on addressing
environmental and mobility issues (Manville et al., 2014;
Neirotti et al., 2014). In particular, the diffusion of ICTs
favored the implementation of ‘soft’ transport policy mea-
sures, sometimes also referred to as Voluntary Travel Behav-
ior Change (VTBC) initiatives, i.e. policy measures aimed at
producing voluntary changes in car use by means of cognitive-
motivation tools (Steg and Tertoolen, 1999; Cairns et al.,
2008; Chatterjee and Bonsall, 2009; Bamberg et al., 2011;
di Teulada and Meloni, 2016; Gossling, 2018).

Thanks to the diffusion of GPS devices and their embed-
ding into smartphones, that are increasingly equipped with
a growing number of additional sensors, on-purpose devel-
oped smartphone apps emerged as particularly suitable tools
to automatically collect large-scale and fine-grained mobil-
ity data (Vlassenroot et al., 2015; Gadzinski, 2018) and sup-
port mobility behavior change interventions, such as promot-
ing alternative route or departure time choices, or support-
ing modal shift (Zhao and Baird, 2014; Tsirimpa et al., 2019;
Hu et al., 2020). On the one hand, they provide citizens with
real time feedback and other motivational elements prompt-
ing their behavior change; on the other hand, the collected
data on citizens’ mobility patterns can be used to shape ur-
ban policies and plans (Weber et al., 2018).

A number of cities have already adopted app-based per-
suasive technologies and integrated them within their urban
mobility policies; for example, Bologna in Italy, with the
Bella Mossa platform, or a number of cities in Spain, that

Table 1

Persuasive apps aimed at reducing car use at the urban level
Year App Country References

2009 UbiGreen  USA Froehlich et al. (2009)

2012 Tripzoom  Netherlands Bie et al. (2012)

2013 Matkahupi  Finland Jylha et al. (2013)

2014 IPET Italy Piras et al. (2018)
Peacox Ireland Bothos et al. (2014)

2015 BetterPoints UK Bowden and Hellen (2019)
QT USA Jariyasunant et al. (2015)
TrafficO2  Italy Di Dio et al. (2018)

2016 GoEco! Switzerland Cellina et al. (2019)
Play&Go  Italy Kazhamiakin et al. (2021)

2017 Bellamossa Italy Bowden and Hellen (2019)
Ciclogreen  Spain Campos-Sanchez et al. (2019)
SMART Netherlands Huang et al. (2018)

2018 Bellidea Switzerland Cellina et al. (2020)

OPTIMUM Austria, UK Tsirimpa et al. (2019)

rely on crowdsourced data collected through the Ciclogreen
app to improve land and transport planning decision-making
processes (Table 1). Such apps usually aim at replacing car
use at the urban level with more sustainable transport modes
(cycling, walking and public transport), and they mostly build
on tangible rewards: the more the kilometers one travels by
sustainable transport, the more the points she gets, which can
later be redeemed for real-life prizes.'

Although analyses on their use in real life conditions,
presented in the literature cited in Table 1, provide evidence
of their behavior change impact, which favored their diffu-
sion and adoption as policy tools for urban mobility, research
is still needed to assess their actual impact in bringing about
tangible effects in reducing car use. Meta-analyses have in
fact shown that the above evidence is at least controversial,
demanding for more scientific rigor in the assessment of the
impacts (Hamari et al., 2014; Shaheen et al., 2016, 2017;
Sunio and Schmocker, 2017; Vlahogianni and Barmpouna-
kis, 2017; Anagnostopoulou et al., 2018; Andersson et al.,
2018).

Evidence-based policy-making would in fact require to
perform randomized controlled trials (RCTs) in order to re-
liably assess the effectiveness of these tools, as for instance
remarked by Graham-Rowe et al. (2011) and Arnott et al.
(2014) regarding soft transport policy measures. However,
as stressed among the others by Bhushan et al. (2018) about
energy saving behavior change programs, strict RCTs are
seldom feasible. Performing them would in fact require to
overcome a number of relevant practical challenges (Cel-
lina et al., 2019), such as for instance how to guarantee mo-
bility data collection for a control group of users without
biases due to the Hawthorne effect (Gillespie, 1991), or a

Even though these apps are seldom explicitly grounded in a behavior
change theory, they can be related to the norm-activation model (Schwartz,
1977; Schwartz and Howard, 1981), the theory of planned behavior (Ajzen,
1991), or models of change as a process through stages, such as the trans-
theoretical model of behavior change (Prochaska and Velicer, 1997) or the
stage model of self-regulated behavior change (Bamberg, 2013).
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sufficiently long data collection period for both control and
treatment groups. More critically, RCTs would require the
random selection of individuals participating in the trial, fol-
lowed by their random assignment to treatment and control.
As a matter of fact, however, in most of the cases neither re-
searchers nor city authorities can randomly select citizens
and impose them to use a persuasive app for a given pe-
riod of time. Most of the research interventions aimed at
assessing the impact of persuasive apps, therefore, can only
be performed within voluntary, opt-in, self-selection frame-
works, which seriously challenges random selection and as-
signment. From the point of view of policy-making, there-
fore, it becomes relevant to explore presence of self-selection
and attrition biases, which may arise in such a framework.
In particular, in typical interventions app users are re-
cruited through open communication campaigns targeting
the general public, and this is at risk of mostly raising the in-
terest of individuals already using public transport and active
mobility (walking and cycling). A risk of ‘preaching to the
converted’ has in fact emerged in app-based persuasive in-
terventions targeting energy and water-saving consumption
patterns (Wemyss et al., 2018; Tiefenbeck et al., 2019) and,
in general, it characterizes any voluntary opt-in policy pro-
grams, where target groups are free to comply with the pol-
icy. If so, the population of ‘mainstream car drivers’, namely
the actual app’s and intervention’s target group, would sim-
ply ignore the campaigns and consequently be excluded from
the intervention. If app users were systematically different
than the app’s actual target group, usually corresponding to

the reference population, a self-selection bias (Heckman, 1990)

would occur. More precisely, if app users were more likely to
be individuals having already reduced their car use in favor
of public transport and active mobility, the behavior change
impacts associated to the intervention in empirical studies
not based on strict RCTs would in fact be over-estimated,
whereas the actual impacts would be lower than expected.
Another element can further weaken the evidence by the
earlier estimates of behavior change impact. The voluntary,
opt-in, self-selection framework characterizing interventions
also allows app users to drop app use whenever they like.
Hence, app-based persuasive interventions on the field are
also affected by attrition. If such an attrition does not hap-
pen at random and ‘early dropout’ app users are systemati-
cally different in some of their mobility characteristics com-
pared to ‘loyal’ app users, an attrition bias occurs (Hausman
and Wise, 1979). In particular, if loyal app users were indi-
viduals already adopting more sustainable mobility behavior
than early drop-out users, the impact of the app over time in
empirical studies that do not include individual fixed effects
would be overestimated. Moreover, if the same individuals
that are already adopting sustainable mobility practices had
small scope for further improvements, in fixed-effects panel
data models that do not properly account for attrition, the
same impact would be underestimated. Policy-wise, detect-
ing possible attrition biases is therefore relevant as well. Par-
ticularly, identifying a lack of attrition biases would further
strengthen the behavior change findings by earlier research

interventions, thus confirming the effectiveness of smart city
initiative promoting persuasive technologies in the mobility
domain.

Against this background, the aim of this paper is to as-
sess the presence and extent of self-selection and attrition bi-
ases in the analyses based non RCT-based interventions. We
consider a case study in the Swiss city of Bellinzona (capital
of Canton Ticino, located in the Southern, Italian-speaking
part of Switzerland) and take advantage of the Bellidea ‘tran-
sition experiment’, launched in 2017 by the city and aimed
at persuading more sustainable mobility patterns through the
Bellidea behavior change app. This case is suitable, since, in
an initial validation period (two weeks), data on the mobility
patterns of the app users (kilometers traveled per day, total
and by car) were collected by the app itself, while the app
motivational features were not enabled. These data can be
regarded as the ‘baseline mobility patterns’ of the app users,
i.e. their mobility patterns before they start being persuaded
by the app. By comparing these baseline mobility data with
the mobility data of the reference population from the Swiss
Mobility and Transport Census (SMTC), we investigate the
presence and extent of self-selection bias. By analyzing the
relations between the baseline mobility of app users and their
number of weeks of active app use, we investigate the pres-
ence and extent of attrition bias.

The paper is organized as follows. Section 2 introduces
the material used in this analysis, namely the behavior change
process launched by the city of Bellinzona and the features of
the related persuasive app; then, it describes the method fol-
lowed in order to analyze the mobility patterns of app users
and investigate the presence and extent of self-selection and
attrition biases. Section 3 presents the results on the analyses
of the mobility patterns of the app users. Section 4 discusses
them, dealing with measurement error, drop-out rates after
registration, and external validity. Section 5 concludes by
providing recommendations and possible venues for future
research.

2. Methods and data

In the Swiss city of Bellinzona (around 45’000 inhabi-
tants), car is the dominant transport mode. In the region of
Canton Ticino, car dependence is definitely higher than other
Swiss regions, as indicated by the normalized motorization
rate (the number of passenger cars per 1’000 inhabitants) re-
ported in Figure 1.

Since the relevant investments for new cycling infras-
tructures and improved bus/train inter-changes undertaken
by city authorities in the recent past were not sufficient to
significantly reduce car use, city policy-makers opted for
exploring different ways to address the issue. Thus, they
launched a transition experiment, i.e. an innovation project
aimed at solving persistent societal problems, that takes place
in real-world settings and builds on the collaboration be-
tween different societal actors, all committed to transforma-
tional change (Van den Bosch, 2010; Luederitz et al., 2017;
Sengers et al., 2019). City managers of Bellinzona decided
in fact to create a persuasive app promoting bicycle, walking,
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Figure 1: Standard scores of motorization rates in a selection
of Swiss Cantons (2011-2018)
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Figure 2: The process of the Bellidea transition experiment

and public transport, to be made freely available to the whole
population among the city’s transport policy measures. In-
stead of relying on an expert-driven approach and charging
external private companies with the development of the app,
they opted for a participatory process and for opening up the
creation of the app features and contents to any interested cit-
izen, within a ‘living lab’ process (Pallot et al., 2010; Almi-
rall et al., 2012; Dell’Era and Landoni, 2014). Living labs
are increasingly exploited in transition experiments for sus-
tainability, since they allow to offer opportunities for broad
stakeholder engagement, co-creation, and collective learn-
ing (Nevens et al., 2013). They can be described as processes
aimed at creating and validating innovation within collabo-
rative, real-world environments, by involving a broad range
of stakeholders. Differently than expert-driven processes,
living labs see users as active partners of the value creation
process (Sanders, 2002; Sanders and Stappers, 2008).

The transition experiment, whose process is schematized
in Figure 2, was called Bellidea. The living lab aimed at app
co-creation was launched in Spring 2017, in partnership with
the local university of applied sciences and Provelo, a local
NGO for the promotion of bicycle use. Citizens were re-
cruited by a campaign aimed at engaging a sufficiently wide
and diversified group of participants. Both bottom-up and
top-down recruitment activities were performed: communi-

cations on local media, including social media, was aimed
at allowing any interested citizens to join lab activities. Fur-
thermore, direct contacts by the City of Bellinzona with rele-
vant associations and institutions, identified through a stake-
holder analysis based on the methodology proposed by Reed
et al. (2009), allowed to guarantee a balanced composition
of the participants between ‘converted’ users of public trans-
port and active mobility and ‘mainstream car drivers’. The
result was a group of around thirty volunteers, who regularly
met once a month from March 2017 to February 2018. Dur-
ing first living lab meetings they tested already existing apps
and discussed their features. Later meetings were instead
shaped as co-creation workshops: by interacting with app
paper prototypes (wireframes), they identified the key fea-
tures of the new app. Final meetings were used as test-beds
for the app prototype.

At the end of April 2018, the Bellidea app was ready to
be launched to the whole population of Bellinzona, among
the set of municipal policy tools to address local mobility-
related challenges. The launch was performed through a
press conference by the City of Bellinzona on April, 25 2018,
followed by a number of communications on local news-
papers, weekly magazines, radio and television programs?,
with the aim of raising the interest of the general public as
potential app users, specifically targeting the ‘mainstream
car drivers’. No specific communications were arranged tar-
geting specific subgroups of the population, such as for in-
stance bicycle or public transport users — which reassures
us on the absence of prior biases affecting the spontaneous
process of recruitment of app users and the self-selection
framework characterizing app use. From the launch onward,
any interested citizens living, studying or working in Bel-
linzona could download and start using Bellidea whenever
they liked. Overall, the Bellidea app was active for 13 con-
secutive weeks, until the end of July 2018. Data collected
by app users during such a period of free app availability to
any interested citizens provide us with the basis for testing
the presence of self-selection bias in response to the launch
of the app to the whole population.

Once installed on the smartphone, the app was always ac-
tive in background and performed automatic tracking of the
traveled activities and routes and identification of the trans-
port modes, providing users with eco-feedback on their mo-
bility patterns (travel time and distances, energy consump-
tion and CO, emissions) and inviting them to collect points,
to be redeemed for real-life prizes. Figure 3 shows a selec-
tion of screenshots of the Bellidea app (only available in the
Italian language). Points were attributed on a weekly ba-
sis, depending on how users moved: the higher the weekly
percentage of traveling time by low carbon and low energy
consumption transport modes (public transport, bicycle or
walking), the higher the amount of obtained points. Namely,
differently than the dominant approach that attributes points
based on the amount of kilometers traveled by a given set of

2The full Bellidea press review materials (in Italian) are available on
the Bellidea website at http://www.bellidea.ch/documenti or upon request
to the authors.
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Figure 3: A selection of screenshots of the Bellidea app: a) the landing page, showing available points; b) the trip validation
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transport modes, Bellidea attributed points based on one’s
weekly mobility patterns as a whole, by accounting for all the
kilometers traveled and all the transport modes used, and by
considering the percentage of low carbon transport modes.
Removing the effect of the weekly travel distance, the point
attribution mechanics leveled off users regarding their pos-
sibility to get points: independently on their weekly travel
distance, each user could theoretically be rewarded with the
maximum available amount of weekly points. Additional
points could be obtained by joining and successfully com-
pleting individual and collective challenges for change. Points
allowed for a comparison between the users, by means of
a weekly leader-board, and could be exchanged for prizes
such as discounts on energy bills, local organic honey, and/or
leisure activities (cinema, theater, museum, swimming pool,
etc.), or public transport tickets. Prizes were directly se-
lected and offered by the City of Bellinzona and a few public
partners, such as the local public transport operator and util-
ity company.

Following a general approach also suggested by Welsh
etal. (2014), and specifically the methodology and tools pro-
posed by Bucher et al. (2019), Bellidea relied on an already
existing activity tracking app named Moves (now discontin-
ued), which tracked all basic mobility data, organized them
in ‘routes’ and ‘activities’ (segments of a route that are trav-
elled by the same transport mode), and automatically de-
tected the transport mode used for each activity (walking,
cycling and general ‘motorized transport’). Data collected
by Moves where then automatically accessed by Bellidea,
which then processed them by an on-purpose developed ran-
dom decision forest algorithm, to further classify the ‘motor-
ized transport’ mode. All the above process was completely
transparent to the user, who was simply requested to initially
also download the Moves app and connect it with Bellidea,
by agreeing on the app’s Terms and Conditions. After that,
she could forget about Moves and only interact with Belli-
dea. As aresult, for each activity, Bellidea was able to infer

the probability of having been traveled by one of the follow-
ing transport means: walking, cycling, train, bus, car, and
other. Then, the transport mean with the highest probabil-
ity was selected and used in the feedback and gamification
features of the app. The overall accuracy of this operation
was rather high (on average, 87% of the transport modes
were correctly identified), as long as users initially provided
ground-truth data for a sufficient number of activities to train
the underlying algorithm. In fact, even though a general al-
gorithm training had been performed before the app release,
specific training aimed at improving accuracy by learning
the mobility patterns of each new user was performed within
the app itself, through the feature of ‘validation’ of the de-
tected transport mode. Validation was compulsory for the
first 80 collected activities. Such a threshold was identified
based on the data collected by the Living Lab participants
when interacting with the Bellidea app prototype during the
testing phase (6’047 validated activities collected by 28 vol-
untary lab participants between January, 15 and March, 11
2018). On average, 80 activities corresponded to two weeks
of app use. After such a period, instead, validation was no
longer allowed, in order to avoid that, wishing to collect
more points, users cheated the system by selecting different
means of transport for the activities they had actually trav-
eled by car.

During the initial two-week validation period, none of
the persuasive features of Bellidea were enabled: the app just
performed mobility data collection and no feedback, chal-
lenges, points, or prizes were attributed. Since users were
requested to validate all their activities, data collected dur-
ing this period can be reasonably considered as the users’
baseline mobility data. Namely, they can be treated as a reli-
able observation of the mobility patterns of app users, before
the app started affecting their mobility behavior.

Raw data were collected at the level of the single activ-
ity, namely the segment of a route that is traveled with a
single mean of transport. All such data were saved in the
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Bellidea database, hosted on servers run and managed by
the utility company of the city of Bellinzona. At the end of
the 13 weeks of app use, we were provided with an extrac-
tion of data from this data-base, reporting the mobility data
collected for each app user, aggregated at the week level, un-
der signature of a confidentiality agreement with the City of
Bellinzona.

For the analyses in this paper, the following data ex-
tracted from the Bellidea database are exploited: i) the mo-
bility data collected during the first two weeks of app use by
each user, for each travel activity (travel distance in kilome-
ters and user-validated means of transport). Particularly, to
characterize the baseline mobility behavior of each app user,
we compute the following variables: overall travel kilome-
ters per day and travel kilometers by car per day. Among the
different transport modes used, we specifically focus on car
travel since the final aim of the Bellidea app was to reduce
car use. Car travel-related variables are therefore key in or-
der to both assess the app’s impact and also to discriminate
between ‘mainstream car drivers’ and ‘already converted’
users; ii) the number of ‘active weeks’ for each user, namely
the number of weeks for which, out of the 13 weeks of app
availability, mobility data were collected. For each user, a
week is considered ‘active’ if at least four activities are avail-
able in the Bellidea database.

To estimate the possible self-selection bias, the Bellidea
baselines are compared with the mobility statistics for Bel-
linzona using the data taken from the 2015 Swiss Mobility
and Transport Census (SMTC), a national survey performed
every 5 years across Switzerland aimed at knowing the pop-
ulation’s transport behavior (Office fédéral de la statistique,
2017, 2018).> This comparison allows to test whether Bel-
lidea users can be best labeled as ‘mainstream car drivers’
or as ‘already converted’ individuals having reduced car use
in favor of public transport and active mobility. In the latter
case, the mean of the Bellidea individual baselines (overall
daily travel distance and daily travel distance by car) would
be significantly lower than the SMTC data. This could lead
to overestimate the actual impact in empirical analysis which
does not rely on thorough RCTs based on randomly selected
samples of app users.

Such a comparison fails to account for another phenomenon

that usually characterizes innovation diffusion, as well as any
voluntary adoption process with no obligation to comply:
high dropout rates after relatively short periods of interac-
tion with the innovation. The difficulty of retaining indi-
viduals’ interest for long periods of time is widely acknowl-
edged in attempts to promote individual behavior change by
means of voluntary interventions in real life, since it simply
depends on the level of individual intrinsic motivation (Bon-
sall, 2009; Stopher et al., 2009). In panel studies and RCTs,
this phenomenon is dealt with under the concept of attrition,

3 Although these data refer to different years (2015 and 2018, respec-
tively), differences in the distribution of mobility patterns of population be-
tween the two years are expected to be negligible, since no relevant inter-
ventions affecting car use were introduced (neither regulations, incentives
or taxation schemes nor the provision of new infrastructures or different
traffic management plans).
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Figure 4: Distribution of the Bellidea app users by active weeks

while in the world of apps and games it is usually dealt with
under the ‘app churn’ concept (Hadiji et al., 2014; Peridfiez
et al., 2016). Independently on the reasons for app churn
on the Bellidea app users, which would need a dedicated re-
search design, we aim at gaining insights on the implications
of this phenomenon on the emergence of an attrition bias. To
this purpose, we investigate if there is evidence of any statis-
tical dependence between the baseline mobility of app users
and their number of active weeks. In case ‘mainstream car
drivers’ were more likely to drop app use earlier than ‘al-
ready converted’ app users, the mean of users’ travel kilo-
meters per day (total and by car) conditional on the number
of active weeks would negatively depend on the number of
active weeks. If so, app churn could reduce the app potential
impact and result in an attrition bias leading to overestimate
or underestimate the app’s actual impact in empirical analy-
sis not properly accounting for the phenomenon of attrition.

3. Results

Throughout the 13-week period of free availability of
the Bellidea app to any interested citizens, overall 721 user
accounts were registered. As shown in Figure 4, most of
such users however only downloaded the app for curiosity
and did not interact with it for a sufficiently long period of
time to unlock the app persuasive features. Namely, they did
not complete the initial two-week period aimed at training
the automatic transport mode detection algorithms. Mobil-
ity baseline data are therefore only available for the n = 207
users for which at least two active weeks of mobility data are
available. The following analyses focus on these users.

As discussed in the previous section, to investigate the
possible self-selection bias, the mobility baselines of Belli-
dea users are compared with the 2015 SMTC mobility data
available for Bellinzona (n = 564). Figure 5 shows the
box plots (without outside values) of the total daily travel
distance (total kilometers per day, top) and daily travel dis-
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Figure 5: Box plots with means (filled circles) of mobility data
in the 2015 SMTC data available for Bellinzona (left) and
mobility baselines for Bellidea users (right)

Table 2
Summary statistics of daily travel distance
Total km/day Car km/day
Obs Mean SD Mean SD
SMTC 564 32.769  52.922  22.702 38.167
Bellidea users 207 31.533  24.091 22,501 22.376

tance by car (car kilometers per day, bottom) for the sample
from Bellinzona in the 2015 SMTC (left) and for the Belli-
dea users (right). In the same figure, the respective sample
means are indicated with filled circles. The main summary
statistics for the two samples (sample sizes, means and stan-
dard deviations) are reported in Table 2.*

Descriptive statistics hint at the fact that on average Bel-
lidea users travel slightly less kilometers per day than the av-
erage people in Bellinzona, both by car and by considering

4For the sample taken from the 2015 SMTC, we calculate statistics and
associated tests by using the sampling weights provided by the Swiss Fed-
eral Statistical Office along with the individual survey data (Office fédéral
de la statistique, 2018). None of the results actually changes if we do not
consider these weights.

Table 3

Levene's robust tests for equality of variances and one-tailed
two-sample 7 tests for mean-comparison assuming unequal vari-
ances (null hypothesis: mean km/day in SMTC greater or
equal to mean km/day for Bellidea users)

Total km/day Car km/day
Statistic p-value Statistic p-value
Levene's test 22.66 0.000 18.18 0.000
t test 0.443 0.329 0.090 0.464
Table 4

OLS estimates for the mean-comparison between people liv-
ing in Bellinzona and Bellidea users in daily travel distance
controlling for daily travel distance by car

(n (I
Dependent variable: Tot km/day Tot km/day
Bellidea user -0.431 1.637
(1.664) (1.456)
Car km/day 0.963** 0.587*
(0.042) (0.119)
Car km/day? 0.0043*
(0.0017)
Car km/day? -8.73e-06**
(3.74¢-06)
Constant 10.287* 12.920*
(1.925) (2.268)
Observations 771 771
R-squared 0.535 0.544
Breusch-Pagan test 0.071 0.075
RESET test 0.002 0.487

Heteroskedasticity-robust standard errors in parenthesis. For
Breusch-Pagan tests (H: regression disturbances are i.i.d.)
and Ramsey RESET tests (H): model is not misspecified),
p-values reported. Significance levels: * 10%, ** 5%, *** 1%.

all transport means. This notwithstanding, such differences
are small and never statistically significant, as shown by the
one-tailed two-sample ¢ tests for mean-comparison reported
in Table 3.

We test the null that on average Bellidea users do not
travel more kilometers per day than people living in Bel-
linzona (both in total and by car) assuming unequal vari-
ances. Indeed, in the Levene’s robust tests we reject the
null of equality of variances at the 0.1% significance level
and the lower variance of the distribution of kilometers per
day for Bellidea users compared to the SMTC mobility data
is to be expected, since the latter are single-day mobility
data whereas the former are individual averages over a two-
week period. Although none of the distributions is normal
(the Shapiro-Wilk tests for normality always reject the null
of normality at the 0.1% significance level), the ¢ tests are
asymptotically valid and both samples are rather large.

We also compare the average daily travel distance be-
tween people living in Bellinzona (2015 SMTC sample) and
Bellidea users conditional on the daily travel distance by car,
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Table 5
Baseline mobility of Bellidea users and length of app use: OLS
estimates

M (m am (V)

Dep. var. (km/day): Total Car Total Car/Total %
Active weeks 0.838*  0.319 0.529"** -0.390
(0.459) (0.429) (0.195) (0.558)
Car km/day 0.969"**
(0.032)
Constant 25.235%* 20.106** 5.751*** 68.400***
(3.831) (3.582) (1.745) (4.660)
Observations 207 207 207 207
R-squared 0.016 0.003 0.824 0.002
Breusch-Pagan test  0.135 0.080  0.600 0.743
RESET test 0.529 0.608  0.556 0.910

Standard errors in parenthesis. For Breusch-Pagan tests (H:
regression disturbances are i.i.d.) and Ramsey RESET tests (H:
model is not misspecified), p-values reported.

Significance levels: * 10%, ** 5%, *** 1%.

by regressing the total kilometers per day traveled by each
individual in the overall sample (n = 564 + 207 = 771)
on the kilometers per day traveled by car and on a dummy
taking value 1 if the individual is a Bellidea user and O oth-
erwise. Results are shown in Table 4, which reports both a
model with the plain regressor ‘car km/day’ (column I) and
a model with the quadratic and cubic forms of the same re-
gressor (column II), which are introduced in order to avoid
functional misspecification problems revealed by the Ram-
sey RESET test on model I. In both cases, the coefficient
attached to the dummy, which estimates the difference in the
conditional means, is not statistically significant at the 10%
level. Therefore, there is no evidence of a self-selection bias.

In order to estimate the attrition bias, we consider the
baseline mobility of Bellidea users and study if there is ev-
idence of any mean dependence between baseline mobility
and the number of weeks users actively use the app. In par-
ticular, we investigate if the expected baseline travel distance
(total and by car) of app users depends on the duration of
the period of app use, measured in terms of weeks; that is,
whether the ‘loyal’ app users, who interacted with the app for
a greater number of weeks, have baseline mobility patterns
(kilometers per week, both in total and by car) systematically
different from the ‘early dropout’ app users, who interacted
with the app for a smaller number of weeks. If so, the phe-
nomenon of attrition could bias the estimates of the actual
impact of the app in empirical analyses that do not properly
account for it.

As it is apparent in Figure 6, which shows the box plots
with means of the overall daily travel distance (top) and the
daily travel distance by car (bottom) of app users over their
number of active weeks, there is no strong, clear evidence of
such a dependency. Indeed, the slope coefficients in the sim-
ple OLS regressions of kilometers per day (total and by car)
on the number of active weeks are not statistically significant
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Figure 6: Box plots with means (filled circles) of mobility base-
lines of Bellidea users over the number of active weeks: total
daily travel distance and daily travel distance by car

at the 5% level (Table 5, columns I and II).’

In fact, although not statistically significant at the 5%
level, the point estimates of both the coefficients are posi-
tive and, for total kilometers per day, the coefficient is sta-
tistically significant at the 10% level. Thus, there seems
to be mild evidence that those who remained loyal to the
app for more weeks are characterized by longer overall daily
travel distances than those who dropped out app use earlier.
Does this provide evidence of an attrition bias, though in the
opposite direction than what one might reasonably expect?
Namely, are ‘loyal’ app users characterized by less sustain-
able mobility patterns than ‘early dropout’ users?

As a matter of fact, if we run the multiple regression
of the overall daily travel distance on the number of active
weeks and the daily travel distance by car (column III of Ta-
ble 5), the resulting OLS estimates show that the partial cor-
relation between the total kilometers per day and the num-
ber of weeks of app use, controlling for the average distance
traveled daily by car, is positive and statistically significant

35There is no evidence of misspecification (nonlinearities not accounted
in the model), as shown by the Ramsey RESET tests (which use the powers
of the fitted values).
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at the 1% level. Thus, given the same distance by car, ‘loyal’
app users travel slightly more. Furthermore, these users also
travel slightly more by car, since the regression coefficient at-
tached to the daily travel distance by car, statistically signifi-
cant at the 1% level, is also positive. This therefore confirms
a mild evidence of attrition bias. Particularly, ‘loyal’ app
users appear to be characterized by less sustainable mobil-
ity patterns than ‘early dropout’ app users, since they travel
slightly more kilometers per day overall and also by car.

Rather than showing that Bellidea addresses the ‘already
converted’, the mild bias that we find goes in the opposite
direction, that is, the app is used longer by those who move
more and therefore have less sustainable patterns.

To disentangle the nature of this slight distortion, we cal-
culate the ratio of the distance traveled by car to the total
traveled distance. In this way, it is possible to check if the
slightly greater mobility of the loyal users is due to a greater
use of the car, which would therefore make them more ‘car
dependent’ compared to their peers abandoning the app. Us-
ing this ratio as the dependent variable, statistical signifi-
cance disappears: in the simple regression of the percentage
of distance traveled by car on the number of active weeks,
in fact, the slope coefficient turns out to be not statistically
significant, negative and rather close to zero (column IV of
Table 5). This additional analysis allows us to conclude that
the most loyal users do not have a proportionally different
car use compared to the other users of the app but are simply
covering slightly higher distances on a daily basis, with car
use growing accordingly.

To summarize, the case of the Bellidea intervention pro-
vides no evidence of self-selection bias: in spite of the opt-
in, voluntary, self-selection framework, the Bellidea app man-
aged to attract the interest by the ‘mainstream car drivers’
representing the average people of Bellinzona. Regarding
attrition, instead, there is a mild evidence of a bias when
baselines are defined in terms of car and total travel dis-
tances: user retention appears to be slightly dependent on
the user’s baseline mobility patterns. Remarkably, however,
such a dependency would suggest that Bellidea has a po-
tentially higher behavioral change impact than the one es-
timated without properly accounting for attrition biases in
empirical analysis that cannot control for individual unob-
served heterogeneity. In fact, ‘loyal’ app users appeared to
be closer to the app’s actual target group, since they travel
slightly more daily distances, both in total and by car. Fur-
thermore, when mobility baselines are defined as percentage
of travel kilometers by car, the evidence of such a bias dis-
appears.

4. Discussion

In this section, the previous results are briefly commented
on. First, we address the significant difference between the
number of app subscribers and users. Secondly, we discuss
the overall reliability of baseline mobility data and the pos-
sible sources of measurement or specification error. Finally,
we discuss the possibility for generalization to other con-

texts, and suggest possible venues of further research.

As for the first issue, it is worth reminding that, as shown
in Figure 4, the number of individuals who registered an ac-
count on the Bellidea app but then quit its use before the
end of the validation period (two weeks) is quite high: 514
individuals over a total of 721 registered accounts. This
means that the large majority of app subscribers (71%) have
not even started to explore the specific app features. Al-
though we have no data to be referred to, this phenomenon
could be attributed to two concurrent factors. On the one
hand, the general trend towards a ‘high-speed’ (Rosa, 2010),
‘McDonaldized’ society (Ritzer, 2014), together with smart-
phones’ overabundant media stimulation, could have quickly
shifted users’ attention (Liebherr et al., 2020): users install
the app, quickly scan its features, realize that its use does not
provide them with immediate and direct benefits, and quite
fast forget about it, being ready to focus their attention else-
where. On the other hand, a quick disaffection towards app
use might also be due to poor performances of its mobil-
ity tracking features, coupled with the burden of providing
validations. During the training phase, in fact, the app accu-
racy in transport mode detection might have been lower, and
users might have judged it as unsatisfactory. Furthermore,
they might have been disappointed by the validation effort
requested by the app and, by thinking that validations were
always needed during app use (which might have actually
happened, since there was no obligation for app users to read
in details the tutorial and FAQ information provided with the
app itself), they might have decided to drop. In this case, the
possibility of future rewards by the Bellidea prizes (cinema
tickets, entrance to swimming pool and tennis club, tourism
cable car experiences, locally produced honey) might have
been assessed as not enough to motivate to retain app use.
To test these hypotheses, future research may account for a
survey targeting all Bellidea registered users, coupled with a
few in-depth interviews with a selection of them. Enriching
the quantitative approach with qualitative insights coming
from the interviews would help to shed light on the very early
app churn phenomenon, suggesting possible measures to de-
crease attrition, to the benefit of future implementations.

As for the second issue (measurement error), the base-
lines considered throughout this analysis may not be fully
reliable for at least three reasons. First, they are based on
a short observation period. This means that they might not
necessarily encompass the variety of mobility needs people
face during their life. Nevertheless, two weeks are longer
than the single-week baseline that is usually considered to
assess the effectiveness of voluntary behavior change pro-
grams (Stopher et al., 2009), as well as than the single-day
mobility data collection in the SMTC (Office fédéral de la
statistique, 2018), even though in the latter the single day
duration of tracking is compensated by a larger sample.

Secondly, Bellidea baselines may not be reliable for the
data collection method. While relying on automatically col-
lected data via smartphone apps allows to avoid errors in in-
formation retrieval and recording that may affect surveys or
interviews, 100% accuracy cannot be taken for granted. It is
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in fact sufficient for the app to fail to record travel trips that
users, in good faith, forget their phone at home, the phone is
off (e.g. for it runs out of battery), or the GPS is disabled.
That said, it is worth stressing that, as far as the estimation
of the self-selection bias via the comparison with the mo-
bility data taken from the SMTC is concerned, since these
measurement errors decrease the observed baseline mobil-
ity of the app users, they would lead to overestimate the
bias. This notwithstanding, we find no evidence of the bias.
As regards the analysis of attrition, instead what is actually
necessary and sufficient for the measurement errors to bias
the estimates is that there are systematic differences in their
magnitude between ‘loyal users’ and ‘early dropout users’.
In this respect, note that in a scenario of highly increased
battery consumption due to GPS tracking, users who more
frequently disable the GPS tracking might be more prone
to dropping-out earlier, since they are less satisfied with the
app performance. If so, the mobility baselines collected for
such early dropout users would be lower than they really are,
which might weaken the obtained findings, since the actual
differences in the mobility baselines between ‘early dropout’
and ‘loyal’ users would be actually lower than observed.

Thirdly, wrong baseline data might be due to users on
purpose cheating the system when validating trips, either due
to a Hawthorne effect or because they hope that, by wrongly
training the system (e.g., by leading it consider car-based
trips as active mobility ones), they may have easier access
to prizes. The Hawthorne effect is however unlikely to have
happened in the case of Bellidea, since app users were never
told their data would have been analyzed within a research
project and in any case anonymity was strictly guaranteed re-
garding any possible use made by the city of Bellinzona on
the collected data. Furthermore, the detailed app mechanics
were not publicly disclosed, although admittedly discussed
in the living-lab meetings; thus, it is not likely that the ma-
jority of users understood that providing wrong validations
of their trips during the training phase could help them to
collect more points (and thus prizes) later on, with the per-
suasive app features enabled.

Leveraging progress in automated transport mode detec-
tion, future app-based behavior change interventions may
reduce the need for manual user validation of the transport
mode, thus overcoming possible cheating activities of users.
If so, such interventions may also allow for longer baseline
collection periods, since users are not requested for daily
interactions with the app to validate their trips. However,
the benefits produced by an extension of the baseline period
would need to be carefully weighted against the risk of in-
creased app churn, since the collection of baseline mobility
data would in any case necessarily require that the app per-
suasive features were not enabled.

Finally, we cannot exclude that our findings are affected
by specification error. In fact, we on purpose chose to char-
acterize individual mobility patterns by referring to the ‘over-
all travel distance’ and ‘travel distance by car’ variables, then
averaged at the daily level. Choosing to characterize the
baselines through additional mobility variables, e.g. by also

including the daily travel distance by active mobility or pub-
lic transport, or through different mobility variables, such as
the number of daily routes or activities by transport mode, or
the daily travel time by transport mode, might have led to dif-
ferent results. Future research comparing the results varying
the selected variables to characterize the mobility baselines
would therefore be relevant for confirming our findings.

As for the question if the current findings about the Bel-
lidea app can be generalized to other contexts, and possibly
to other persuasive apps as well, caution would definitely
be needed in providing an affirmative answer. A number of
contextual factors might in fact have led some Bellidea users
to keep using the app, while leading other Bellidea users to
stop using it. For instance, the average presence of a high
quality public transport or the topography of the city of Bel-
linzona, characterized by wide flat areas, might have favored
retention of ‘mainstream car driver’ users, while in cities
where alternatives to car use are less available or less effi-
cient, ‘mainstream car drivers’ might have been led to drop
using the app earlier, due to the lack of perceived alterna-
tives to car use. Therefore, replicating the Bellidea transi-
tion experiment in a number of cities would be needed to
confirm current findings and conclude they still hold in dif-
ferent areas and contexts. Furthermore, also the cultural
framework in the city of Bellinzona might have played a
role, particularly regarding the shared meanings associated
to mobility practices.® From this point of view, the fact that
the Bellidea app was part of a wider transition experiment,
which included a co-design living lab process aimed at pub-
licly engaging the local community of Bellinzona towards
more sustainable mobility patterns, might have supported
the creation of shared meanings in favor of public transport
and active mobility and against car use. Finally, the specific
features of the Bellidea app might have also played a role
in favoring long-term retention of ‘mainstream car driver’
users, compared to other similar persuasive apps in the mo-
bility domain, which provides a further warning against the
external validity of the current findings. For instance, the
choice of relying on ‘external regulation’ motivational fac-
tors, such as prizes, as the majority of behavior change apps
in the mobility domain are doing, might only have had a
short-term role in retaining the interest of mainstream car
drivers in the region of Bellinzona, if they did not regard
prizes as sufficiently interesting, compared to their standard
of living. This is supported by Habibipour et al. (2016),
who found that building a long-term commitment between
an ICT-based system and its users requires a proper eco-
nomic reward or by Tsirimpa et al. (2019), who found that,
while in general reward-based schemes can be effective in
promoting multi-modal mobility choices, as the age increases,
more intense behavior changes require higher rewards.” In-

Following the social practice theory as it was conceptualized by
(Shove et al., 2012), ‘materials’ (e.g., equipment or infrastructure), ‘compe-
tences’ (e.g., skills and know-how), and ‘meanings’ (e.g., images, symbols
and social norms), affecting and reinforcing the mobility practices in Bel-
linzona, might have influenced the Bellidea app users in their decision about
keeping to use the app.

TThis is not in contrast with the motivation crowding theory (Frey and
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stead, the specific choice of directly involving potential app
users in the co-design of its persuasive features within the
Bellidea living lab might have helped to better respond to the
users’ needs, desires and expectations. In particular, since
mainstream car drivers were actively engaged in the living
lab co-creation process, the resulting app features and con-
tents might have been more attractive for their peers, with
the effect of increasing their intrinsic motivation towards app
use, compared with apps developed under more traditional
expert-driven approaches.

5. Conclusion

In this paper, a transition experiment aimed at favoring a
reduction in car use at the urban level was presented and dis-
cussed. The intervention, which was run in the Swiss city of
Bellinzona (Canton Ticino, Italian-speaking part of Switzer-
land) and was given the name of Bellidea, consisted in a liv-
ing lab process aimed at creating a persuasive smartphone
app, followed by a 13-week long period during which such
an app was made freely available to any interested citizen
either living, working or studying in the city.

We have analyzed the Bellidea intervention with the aim
of assessing the presence and extent of possible self-selection
and attrition biases directly stemming from the voluntary,
opt-in, self-selection framework underlying use of such per-
suasive apps. Finding evidence of such biases would imply
that any assessment of the impact without a strict RCT would
result in biased estimates, thus leading to over- or under-
estimate its actual behavior change impact. Considering the
number of barriers that preclude the use of RCTs in such a
domain, investigating these issues has therefore direct and
practical relevance for policy-making purposes.

To this aim, we have analyzed the mobility characteris-
tics of the users of the Bellidea app as they result from their
mobility baselines (total daily travel kilometers and daily
kilometers traveled by car), i.e. data collected through the
app itself during the first two weeks of app use, when no
persuasive features were enabled. We have tested if, accord-
ing to such baselines, app users could be best described as
‘mainstream car drivers’, corresponding to the population of
Bellinzona, or to ‘converted’ individuals, having reduced car
use in favor of public transport and active mobility — both
when they start using the app and over time, along the 13
weeks of the Bellidea intervention. The identification of sta-
tistically significant differences would in fact imply presence
of self-selection and attrition biases, posing critical chal-
lenges for any statistical analyses aimed at assessing the be-
havior change impact.

The comparison with the mobility data for the people liv-
ing in Bellinzona from the 2015 Swiss Mobility and Trans-
port Census (SMTC) has provided no evidence of a self-
selection bias: in spite of the opt-in self-selection frame-
work, we have found no statistically significant differences
between Bellidea users and the reference population, neither

Jegen, 2001), since monetary rewards would mostly appeal to individuals
with no or very limited prior intrinsic motivation to change.

considering mean daily total travel distances nor considering
mean daily travel distances by car. Furthermore, we have
found no strong evidence of an attrition bias that character-
izes app use over time: despite a remarkable drop-out rate,
we only found a mild evidence of statistically significant dif-
ferences in the mobility baselines of the Bellidea app users,
conditionally on the number of weeks they actively inter-
acted with the app. However, such evidence goes into the
opposite direction than one could reasonably expect. In fact,
there is no evidence of ‘preaching to the converted’ who have
already adopted sustainable mobility patterns. Depending
on the definition of ‘sustainable’ mobility baselines, average
baseline mobility patterns of Bellidea ‘loyal” users are in fact
either as sustainable as those by ‘mainstream car drivers’ or
even less sustainable than them. Therefore, we have con-
cluded that the Bellidea app managed to attract and retain
over time the interest by its actual target groups and that any
analyses of its behavior change impact that are not performed
through strict RCTs would not be at risk of overestimating
its impact.

Such findings provide us with additional insights rele-
vant for local policy-makers and suggest venues for future
research. On the one hand, by indicating that the Bellidea
app managed to reach and retain its target group of users,
they strengthen earlier research findings showing promising
behavior change impacts by persuasive apps in the mobility
domain and suggest to perform additional research and in-
vestments in this field. The case of Bellidea in fact allows
us to exclude that, as a consequence of the self-selection
framework, it mostly reached ‘already converted’ users of
public transport and active mobility. In such a case, its be-
havior change potential would have been largely constrained,
as well as its overall role and relevance within sustainabil-
ity processes and transition to a low-carbon economy. Ne-
glected by its actual target group, if anything it would in fact
result in improvements of mobility patterns of individuals
already oriented to sustainable mobility, with limited scope
for further improvements. The lack of self-selection and at-
trition biases suggest this was not the case.

Of course, analyzing whether possible changes in mo-
bility behavior are maintained over time is crucial in order
to confirm the long lasting behavior change effectiveness of
the intervention and the lack of relapse to previous behavior.
Therefore, we recommend future research to also explore the
long-term effect of the intervention, well after its conclusion.

Data collected in the Bellidea intervention indicate also
another venue for further research: even though the self-
selection framework does not produce selection and critical
attrition biases, the number of observed app users is defi-
nitely limited. Thus, future research should further investi-
gate the reasons for the interest in the app — and, conversely,
the reasons for the lack of interest by the large majority of the
population. This is crucial to understand whether devoting
additional efforts and resources for app-based persuasion in
the mobility field is overall worthwhile and capable of pro-
ducing a tangible impact at the city level. In this respect, it
is important to explore the role of community-building ac-
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tivities, such as the co-creation process run in the Bellidea
living lab and transition experiment, as well as the role of
tangible prizes.

Designing interventions that span over longer periods of
time would allow to understand if, following a typical pro-
cess of diffusion of innovation, the number of app users sig-
nificantly increases over time. Only gaining these informa-
tion will allow to understand if upscaling the app’s impact
at the city level is possible, and how to do it, in order to
effectively tackle the challenge of the transition to a more
sustainable, low-carbon mobility.

Finally, evidence about the actual behavior change im-
pacts of the app would allow to perform comparisons with
other (soft) policy tools aimed at mobility behavior change,
thus further supporting urban decision-makers in the chal-
lenge of implementing effective mobility policies in the con-
text of scarce resources which characterizes public policy-
making.
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