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Abstract. Ecological sustainability is the defining challenge of our time. Here we suggest a methodological approach that could
help to investigate how environmental behavior (transport behavior, energy consumption, food consumption, goods consumption, wasting) dilemmas can be overcome on an individual level in real life by using smartphones to collect daily behavioral
data in a field-experimental setup. Previous related studies are reviewed and we discuss how the boundaries of what can be done
with smartphones for data collection and experimental purposes can be pushed further to allow for complex behavioral studies.
Results from a pilot study are presented to discuss the feasibility and potential of this approach. The pilot shows that studying
social dilemma behavior via smartphones is feasible and has potential value as an behavioral intervention tool.
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1. Introduction
In 2015 the United Nations implemented its new Sustainable Development 15-years agenda (https://
sustainabledevelopment.un.org). Several of the 17 Global Sustainable Goals are dedicated to preserving
the environment (e.g. mitigating climate change, protecting marine systems, protecting forest systems
etc.). The challenge that nations worldwide face is how to make the transition towards a sustainable
society. At the core of this challenge lies the social dilemma problem: a preserved environment is a
common good of benefit to everyone; to achieve sustainability, however, cooperation is required from the
majority. But, cooperation comes at individual costs in the short term and this provokes noncooperative
behavior [1]. This paper suggests to study environmental behavior in real life social dilemma situations
by exploiting smartphone technology to collect new types of “living laboratory” [2] data. The novelty
is thus to fuse “big” data (multiple format data collected via smartphones) with a theory-based fieldexperimental approach to study human behavior in real life.
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2. State of the Art
Big data is widely regarded as a rich data source for (environmental) human behavior [3, 4]. Typically, consumer behavior is the focus of environmental behavior studies making use of big data such
as retailers’ loyalty cards data [5] or smart meter data [6]. However, such data is limited. For instance,
Hornibrook et al. [5] could not explain why the introduction of carbon emission labelling on supermarket products did not have any impact on customers’ purchase choices; the loyalty card data was not
sufficient to answer this question and the researchers had to conduct focus groups to get insight into
possible reasons for the lack of impact. Big data is typically purely observational, not generated for scientific purposes, useful to answer certain exploratory questions, but problematic where specific (causal)
mechanisms are of interest.
Experiments on the other hand allow to explore cooperation mechanisms. They showed for instance
that public goods can be produced only in the presence of repeated interactions, which facilitate reciprocation, reputation effects and punishments or relatedness [7]. But, studies have also shown that
the correspondence between laboratory experimental and field-experimental results is often quite weak
[8, 9], suggesting that we cannot necessarily make conclusions about real life (social dilemma) behavior
from laboratory experiments. Consequently, there is a lack of deeper theoretical understanding of how
these dilemma mechanisms play out in real life [10] beyond non-generalizable case studies [1].
The most recent methodological developments aim to combine the big data approach with experimental design [11–13]. Mobile technologies can be ideal tools for such combined approaches [13–15].
2.1. Data collection via smartphones
Smartphones are increasingly used to study people’s daily lives, tracking social interactions, mobility
routines, etc. [16]. The largest bulk of studies using smartphones to collect data is to be found in health
studies. In fact, a whole new area of research known as mobile health (mHealth) has emerged with
the goal to identify behaviors that lead to positive or negative health outcomes in order to design and
implement large-scale interventions [17]. Usually either smartphone usage data (e.g. call logs, short message service logs, app-use logs, battery-status logs, accelerometer, GPS, lights sensors, bluetooth scans,
proximity sensors, voice, etc.) is collected that provides information about people’s behavioral lifestyles
[18, 19] or bespoke (self-monitoring) software applications are developed that allow researchers to collect specific data. Smartphone-sensing studies, where smartphone usage data is collected passively and
automatically in the background, produces purely observational data, which may provide interesting
insights e.g. on people’s lifestyles, well-being, performance, social interactions [20] etc. but which is
problematic if one is interested in causal mechanisms. Though, there are studies that make causal inferences from quasi-experimental frameworks [21].
The raw collected sensory data requires moreover heavy and sophisticated processing to infer behaviors of interest [22, 23] and it is often far from clear how reliable and valid these behavioral inferences
are [19]. Other studies combine sensing with self-reported data e.g. of subjective experience, often obtained through ecological-momentary assessments (EMAs), which can be context-contingent (e.g. GPS
record triggers question: “What are you doing here?" [24–26]). And there are studies that rely entirely on
smartphone-based self-monitoring. [27] for instance developed and used a self-monitoring smartphone
software “MONARCA" to collect data on physical and social activities over three months from patients
with bipolar disorder to predict depression episodes. While [28] used a smartphone application with
certain tasks to be performed by participants to detect signs of parkinson by assessing voice, posture,
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gait, finger tapping and response time. Studies with bespoke (self-monitoring) software applications are
however rather rare, most studies collect sensory or smartphone usage data.
2.2. Experimental designs in smartphone-based studies
Some smartphone-based studies implement an experimental design. Experimental sensing-data collection apps have been specifically developed for such purposes, such as RecordMe [29] or UBhave [30].
Studies that involve experiments are often studies where the smartphone application/some IT system
itself [31] or some hypotheses are tested where the “intervention" is in the external environment [26],
rather than where the smartphone application is used to issue an experimental intervention in the data
collection process in order to incite behavioral changes. However, the utilization of mobile technologies for experimental treatments is increasingly discussed and explored, particularly in medical research
[32, 33]. Most studies utilize SMS and/or other multimedia message services for interventions and about
half of them reported significant health behavioral changes [32]. A more complex and sophisticated intervention design has been implemented with the Active2Gether app, that not only intervenes though
coaching messages, but additionally facilitates social comparison to encourage physical activity. Based
on Facebook friendship networks the app provides group averages on the group level and ranks user’s
performance within a list of other users on the individual level [33].
The increasing utilization of smartphone technologies for data collection and intervention goes along
with another trend. The field experimental approach is a rapidly growing form of social science research,
encompassing hundreds of studies on topics like education, crime, employment, poverty, development,
discrimination, political participation etc. [34, 35]. And the smartphone-based experimental intervention
approach can be well implemented within a field experiment study, indeed turning these mobile devices
into real-life laboratories.
2.3. Smartphone-based studies of environmental behaviour
While using smartphones to collect data is now becoming quite common in health and psychological
studies, there are no studies where smartphones are used to study complex social and/or choice behaviors, such as behaviors in social dilemma or public good situations. There is no straightforward way
to infer such complex behaviors from sensing or smartphone usage data, given it is even non-trivial to
infer much simpler behavioral patterns (e.g sleeping vs. being awake) from such data [19]. Ecologicalmomentary assessments (EMAs) would have to be utilized within bespoke software applications. And if
a field-experimental approach is chosen the question is how to best translate the various experimental interventions tested in laboratory experiments on public good and social dilemmas into smartphone-based
interventions.
There is one study from the US that to some extent leads the way. [36] developed a bespoke smartphone application onTrac and assessed the impact of behavioral nudge interventions implemented in the
app in a randomized controlled trial. Specifically, onTrac reported carbon emissions and calories burned
associated with user specified travel modes as an intervention. An in-build accelerometer detected automatically some of the travel modes (walking and bicycling) automatically using GPS records to estimate
users’ speed, while the users had to report other types of travel modes (e.g. car, bus, train, subway).
User survey following a three week trial of onTrac app usage revealed increases in self-reported considerations for the environmental impact of travel choices among students who used onTrac comparing
to a control group who did not. While this intervention is certainly interesting – though it’s problematic
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to mix an environmental awareness and a health awareness nudge, because it is impossible to know
which of them had what effect –, previous laboratory experimental research has produced a whole set
of other interesting interventions in the public goods context that would be worth trying in a real-life
setting. Moreover, while a focus on transport behavior is certainly sensible in the context of the study,
environmental behavior is necessarily multi-dimensional, involving transport, energy consumption, food
choices, waste behavior etc. And these various behavioral dimensions do most likely interact in real life.
Further inspiration can be drawn from other technology-based intervention platforms and studies, of
which some are still work in progress. [37] for instance suggest the ASSET pilot platform for sustainable (food) consumerism, consisting of an ASSET app, ASSET supermarket-based localization system
and an ASSET database system. The idea behind ASSET is to allow users to follow their personal sustainability preferences when making purchases by providing them with objective, yet tailored product
information. Though ASSET is certainly a very interesting and promising platform, one may question
whether personal sustainability preferences are as stable and reliable as the engineers of this system
seem to assume. And is it the lack of (objective) information that prevents people from acting more sustainably and hence is an information-based intervention the most effective intervention? If behavioral
change is the goal then various interventions should be tested against each other.
3. Using smartphones to study (environmental) social dilemma problems in a field-experimental
setup
This paper suggests to study environmental behavior (transport behavior, energy consumption, food
consumption, goods consumption, wasting behavior) in real life by using smartphones to collect daily
behavioral data over an extended period of time in a field-experimental setup, following a Randomized
Controlled Trial (RCT) field-experimental design to allow for causal inference in hypothesis testing.
The approach suggested here and partly tested in a small pilot project intends to push the boundaries
of what can be done with “living laboratory” data in order to better understand (environmental) social
dilemma problems. Overcoming environmental behavior dilemmas is essential to a successful transition to an ecologically sustainable society, as envisioned by the United Nations. While pollution and
depletion of natural resources is a prime example for social dilemmas, they can be encountered in all
areas of life where collective action is required: civil society relies on volunteering, democracy relies on
active democratic participation, public spaces rely on peoples’ other-regarding behavior etc. Given the
pervasiveness of social dilemmas, it is not surprising that social dilemmas are one of the core human behavior research problems [1] and a core issue in every society. Any proven success in understanding how
social dilemma problems can be dealt with in real life situations could therefore have far reaching consequences and allow a translation of the research results into policy measures. Today’s data-generating
digital technologies offer new possibilities to study human behavior in real life social dilemma situations.This has been recognized by the UN, which established an Independent Expert Advisory Data
Revolution Group to make concrete recommendations on bringing about a data revolution in sustainable
development (http://www.undatarevolution.org).
3.1. Collecting complex behavioral data
One boundary of what can be done with “living laboratory” data (i.e. big data collected in a fieldexperimental setting) that we suggest to push is the complexity and multi-dimensionality of the behavior
measured. We suggest to study multiple environmental behavior dimensions (transport behavior, energy
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consumption, food consumption, goods consumption, wasting behavior) simultaneously in order to understand how they interact in people’s decision making, e.g. when people decide to buy an ecological
product to compensate for environmentally damaging travel behavior. Including different environmental
behavior dimensions allows to investigate phenomena like the moral credential effect [38, 39], where a
person who has chosen an environmentally friendly behavior in one context, may feel morally entitled
to behave in less environmentally friendly fashion in another.
Collecting data on multiple environmental behavior and issuing experimental interventions requires
a bespoke smartphone application software solution. Sensing or smartphone usage data will not be sufficient, though could be partly used to complement ecological-momentary assessments (EMAs), essentially questions that require users to self-report behavior (e.g. what food was consumed, what waste was
produced with some default answers to make the data entry quicker). Thus, data to be collected would
include answers (in form of ticking checkboxes) to survey questions. Furthermore, barcode scans could
be collected to assess goods consumption. These barcode scans data needs to be linked to a barcode
database, ideally to one that contains information about how sustainable the respective product is. The
barcode scanning function could be linked to smart barcode scanner applications like GoodGuide that
allow the automatic identification of environmentally friendly products. Furthermore data on electricity
usage could be collected through taking a picture of the electric meter counter. OCR (Optical Character
Recognition) algorithms could be used to extract the number from the picture. This solution could be
implemented for users who do not have a smart meter. Users with smart meters could access the data
from their smart meters through their smartphones and give permission to the data collection application to access that data. However, at this stage smart meters are still not very common. Image taking
could potentially also replace text input on foods consumed. AI-based smartphone applications are being developed now, which can translate food images into a list of ingredients [40]. Users could then just
correct potential errors (e.g. soya burger instead of a meat burger). Furthermore, GPS records could be
obtained to estimate travel distances and potentially to infer transportation modes [41]. It is, thus, suggested to combine sensing data (barcode scans, images, GPS records etc.) with ecological-momentary
assessments data (survey answers), whereby the sensing data could be partly used to verify self-reported
behavior. The challenge is to find a way to collect quickly and effectively sufficient and insightful data,
without interfering too much with users’ everyday life. Generally, users should be able to record data
anytime throughout their day. The captured data could then be translated for instance into average CO2
emissions, based on calculations provided for instance by [42]. This way, though various behavior is
recorded, all these behaviors are quantified in terms of environmental impact by a common measure.
Further data could be collected on reasons for respective behaviors, e.g. why a certain transport mode
was chosen to understand how people rationalize their behavior, or who else was involved, if for instance
the influence of peers and other close contacts is of interest.
Collecting individual data requires careful consideration of privacy issues, as well as informational
self-determination. We suggest collecting data anonymously. Moreover, the study participants should
always have the complete control of their data and should at any point be able to decide what data they
want to share. In the chapter below it will be described how privacy and informational self-determination
was implemented in the pilot study.
The experimental design will make it necessary to analyze the data partly on the run (quasi real-time)
during the data collection phase. That is, data analysis at this stage of the project will be part of the data
collection and field experiment process, to compute for instance environmental behavior scores and to
visualize collected data in order to issue the respective experimental interventions.
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3.2. Multiple, elaborate experimental interventions
Another boundary to be pushed is on the experimental interventions. Presently, studies typically implement only a single experimental intervention and mostly it is a message-based intervention, where study
participants are nudged to display a particular behavior. Other potentially interesting interventions have
hardly been studied yet in a field-experiment setup using smartphones for data collection and experimental intervention. We suggest to study multiple experimental interventions that could provide information
on which interventions are most effective in terms of real-life behavioral change. In the pilot study two
interventions were implemented, but, in an actual study a set of various interventions should be tested.
Laboratory studies on public goods dilemmas can be very instructive in designing such interventions.
Message-based interventions could be further developed through behavioral targeting, originally an online advertisement practice where online users are presented with advertisement based on their past
online behavior [43]. Behavioral targeting is based in the nudge theory [44]. The “nudge” is any aspect
“of the choice architecture that alters people’s behavior in a predictable way without forbidding any
options or significantly changing their economic incentives” (ibid.). In a behavioral targeting approach,
individualized nudges, i.e. tailored messages could be sent to study participants’ smartphones, proposing
specific behavioral changes based on participants’ past behavior. This has been implemented exemplary
in the pilot study.
Another interesting intervention to be studied and implemented in the pilot study is social monitoring.
Individuals in this treatment group will mutually monitor each other’s behavior as captured by various
environmental behavior scores and visualized through the smartphone application. It is assumed that
people, who are aware of their behavior being monitored and who can compare their behavior to peer
behavior, will tend to show socially desirable, i.e. environmentally friendly behavior [45, 46]. This hypothesis is based in the social influence theory which investigates the effects of compliance, conformity
and competition [47].
Other field-experimental treatments that we did not have the means for to implement in the small pilot
study, e.g. reputation-based interventions or financial incentives could be implemented in an actual study
too. Particularly the reputation mechanism proved quite effective in solving the tragedy of the commons,
at least in laboratory public good games [48]. A reputation-based intervention could be designed for
instance by dividing the study participants into two competing groups, whereby both groups have to
goal to collectively reduce their CO2 emissions. In each group the study participants would be given
the opportunity to monitor each other (as in the social monitoring group) and to communicate with each
other through messaging implemented in the smartphone application. Individuals will be ranked in each
group based on their contribution to reducing CO2 emissions and this rank would be visible to everyone
in the group through the smartphone application. [49] found for instance in a large-scale field experiment
that sufficiently high observability promotes cooperation in public good games much more effectively
than financial incentives.
One could even go a step further, though that would require greater and/or additional research into the
software engineering and artificial intelligence (AI) side. Many of the interventions described here are
rather patronizing and to some extent may be seen as manipulative, e.g. nudging. Research moreover
shows that in the long term, people are more likely to truly change their behavior towards the greater
good, if they change their thinking; nudging for instance incites only superficial, non-lasting “first-order
change" [50]. We should therefore explore ways to encourage behavioral change in a more emancipatory,
empowering way, that is, empowering individuals in their capability to make informed decisions that are
right for them and for the society overall. There is research ongoing into designing algorithms and AI
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systems that don’t violate people’s autonomy and preserve their self-determination [51]. Building on
this work we should design emancipatory interventions in future. Specifically, we suggest exploring the
possibility of designing an AI-based decision-making assistant that would help users to make decisions
that are right for them and the society overall. This AI-based assistant could provide the users with all
necessary information (e.g. what the options are, what the costs are financially and in terms of CO2 emissions), as implemented for instance in [37] and answer their questions (e.g. what are the alternatives).
Additionally, and this would be the emancipatory intervention, the AI-based assistant could engage the
users in a Socratic dialogue, encouraging them to think critically and make an autonomous and yet responsible decision, considering society’s greater good and question their preferences and habits. First
AI-based chat bots that engage users in socratic dialogue to enhance critical thinking have been already
built and studied [52]. This emancipatory intervention could be tested against a “non-emancipatory"
intervention, which would for instance nudge the user to make a certain decision as described above.
The data collection and field-experimental interventions should take place over a long period of time,
at least one month, to give study participants time to respond to experimental interventions and to test,
whether observed behavioral changes are stable over time.
4. Pilot Study
To show the general feasibility of the above described approach, a pilot study was conducted over two
weeks in June 2017 with 20 study participants. Two field-based interventions were tested to inspire
cooperative, i.e., environmentally-friendly behavior: (1) behavioral targeting and (2) social monitoring.
A control group was not included in the pilot study due to financial restriction that allowed to recruit
and compensate only 20 study participants. The primary goal of the pilot was to show the feasibility of
the study approach (incl. multiple interventions), consequently, it was decided to implement a second
intervention rather than a control group. Instead, the field-experimental treatments were only issued
in the second week of the study. The first week thus served as a reference point for comparison and
treatment effect estimation. In an actual study however a control group is absolutely indispensable, also
a sufficiently large, representative sample should be aimed for in an actual study. Ethical approval has
been obtained for the pilot study from the Faculty Research Ethics Committee at the University of Leeds
(reference number: LTPOLIS-024).
4.1. Mobile Phone Application
The free EpiCollect 5 Mobile and Web Application (https://five.epicollect.net), developed by Imperial
College London, was used for data collection purposes [53, 54]. The platform allows to create projectspecific smartphone applications and then publish these through the EpiCollect 5 mobile phone application, that operates on iOS and Android smartphones. EpiCollect 5 allows to collect the following
data types: (1) simple or multiple choice questions or text entries, (2) GPS coordinates, (3) images, (4)
videos, (5) audio and (6) barcodes. In the pilot study (1), (2), (3) and (6) were used for data collection.
EpiCollect 5 gives users full control over their data; they have to explicitly upload the data.
EpiCollect 5 is a great platform for research data collections but it is not designed for experimental research. For an actual study on larger scale a bespoke software solution would be preferable, which
would facilitate certain features more directly. Work is ongoing on bespoke smartphone application solution. This bespoke smartphone application automatizes many tasks that had to be performed by a human
operator in the pilot study because of the limitations of EpiCollect5. The bespoke app is for instance
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performing simple statistical analysis of the collected data and produced graphs summarizing users’ and
group environmental performances (for the social monitoring intervention) that can be accessed through
the application. Furthermore, the app automatically sends out nudge (for the behavioral targeting intervention) and reminder messages under certain conditions (e.g. user has reached a certain CO2 emission
level on some behavioral dimension, or user has not uploaded data by a certain time). This automatization allows for scalability, i.e. running the study on a large scale with many more study participants
(see Supplementary Information S1 for further discussion on smartphone application, including ongoing
work on a bespoke solution).
4.2. Data Collection
From the 20 recruited study participants, 13 participants were students (incl. two postgraduate students)
and 7 had a professional background. All study participants had a higher educational background. The
age of the study participants ranged between 18 and 43, with the mean of 25.7 and standard deviation
of 7.23. 8 study participants were male, 12 female. Study participants were compensated for their participation with a £50 Amazon voucher. Students were recruited through advertisement of the study and
search for study participants in lectures at the department where the main author is teaching. Colleagues
as well as postgraduate students were recruited through University-based mailing lists. When recruiting
study participants it was attempted to maintain the non-interference assumption, i.e. that the CO2 emissions of one experimental group are not affected by the treatment in the other experimental group [34]
e.g. through a spill-over effect between study participants who are friends. This was done by recruiting
students from different disciplines, graduation levels, courses etc.
Given data collection took place in June, students were on term break and were more likely to travel.
Study participants had to enter data through the application on a daily basis and upload the data in the
evening. If they failed to do so they received a reminder email. The daily data entry took between 5
and 12 minutes and could be distributed over the whole day. The recorded data (e.g. answers on what
transport mode was used, what food consumed, what electronic devices used, etc.) was translated into
average CO2 emissions for the specified activity based on [42]. This allowed to calculate average CO2
emissions for each environmental behavior dimension and overall (see Supplementary Information S2.1
for further discussion of data collection, including questionnaire implemented in the app).
The reliance on people’s accurate reporting of their environmentally relevant activities is problematic.
Here the approach suffers a weakness that most research involving humans is facing and there is no easy,
obvious solution to this. At least the daily data collection makes sure that people don’t have to struggle
to remember what they did throughout the day. Moreover, the collection of more objective data, such
as electric meter data etc. can to some extent allow for response verification. When designing follow-up
studies more thought should go into further automatizing data collection, e.g. usage of accelerators for
transport mode inference [41].
At the start of the pilot study the study participants were asked to complete an initial online survey,
collecting some basic socio-demographic (i.e. age, gender, financial situation) and attitudinal data (e.g.
attitude on climates change). At the end of the pilot study they were asked to complete a final online survey, evaluating their experience as study participants (i.e. what they liked, what they did not like, whether
they thought that participation in the study raised their environmental awareness) (see Supplementary
Information S2.2. and S2.3 for further details).
After the first week the 20 study participants were randomly assigned to one of the two fieldexperimental groups, each containing 10 study participants. In the second week all study participants
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Fig. 1. Interaction plot shows the natural mean of each treatment*date combination along with the confidence interval of each
mean with percentile method. Least Square Means for CO2 emissions in the behavioral targeting group were estimated to be
118.02 (se: 8.61, 95%-CI: [97.12, 138.93]), for social monitoring 93.19 (se: 8.52, 95%-CI: [72.42, 113.96]).

were subject to one of the two treatments on a daily basis. In the behavioral targeting group they would
receive individualized messages giving advice on how they could reduce their CO2 emissions, e.g. in the
transport dimension by using a bus instead of a car. The advice given was based on the data entered on
the previous day. In the social monitoring group study participants would receive messages visualizing
in a bar graph their own environmental performance from the previous day on the various dimensions
as well as the environmental performance of the others in the group. This happened in an anonymized
way. Each study participant had a username (which strictly should not resemble the name or any other
identification feature of the user) that was used throughout the study to collect the data and to refer to
and identify the various study participants. The notifications were sent out every day at 5pm (see Supplementary Information S2.4 for further details on notifications). Parallelism in the administration of the
field-experiment with the two treatments, i.e. all subjects used the same app and were exposed to the
same questionnaire etc., helped to maintain the excludability assumption, that is the potential outcome
of the experiment depends solely on whether the subject receives the treatment [34].
4.3. Discussion
The results of the pilot data analysis are discussed in the Supplementary Information S3, since the pilot study, given its various limitations (small sample, no control group, too short period for consistent
behavioral change), does now allow to actually make conclusions about environmental behavior. Given
these limitations many of the statistical results are inconclusive, nevertheless, the analyses of the pilot study data did produce some interesting results. For instance, comparing the two field-experimental
interventions using the second week data seems to suggest that the social monitoring treatment had a
somewhat greater positive (in terms of reducing CO2 emissions) effect on the overall environmental
behavior in comparison to the behavioral targeting treatment (see Figure 1, and for further details Supplementary Information S3.3). This result shows that it could be worth investigating further the effects
of different types of treatments in a full study, including a control-group and other treatments. Overall
the data analyses show that potentially interesting insights could be gained from conducting such a study
with an improved design, on a larger scale and over a longer period.
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There is much room for improvements of the study design tested in the pilot, as already mentioned
earlier (e.g. in terms of sampling, duration of the study, control group etc.). Study participants’ feedback in the final online survey provides valuable input for a better design among others of the survey
questions. For instance, sometimes the type and usage duration of certain devices like lamps, or the type
and amount of certain foods (e.g. organic, local vegetables) can be more indicative of the environmental implications of the behavior. The problem of including more details however is of course that the
time participants spend on providing the answers would increase. Furthermore, besides including other
interesting interventions, the ones tested in the pilot could be improved too, e.g. in terms of behavioral
targeting messaging [55] and in terms of unobtrusiveness [34]. Nevertheless, the pilot study shows that
studying (environmental) social dilemmas via a smartphone in a field-experimental setup is feasible and
could lead to new insights.
5. Conclusion
This paper has discussed how smartphones are increasingly used in studying human behavior. The study
designs are getting increasingly sophisticated and so is the data collected through these devices. This
paper suggests that we can push the boundaries even further in order to be able to study more complex,
multi-dimensional human behavior, which is not easily measurable and where various behaviors interact
with each other. It was moreover argued that we can push the boundaries in terms of the experimental
design of these studies, going beyond the often rather simple nudge-based messaging interventions. After
all, nudging is highly controversial and potentially not even very effective in changing human behavior
as discussed above. Smartphone-based studies allow to conduct field-experiments in an innovative way,
where human behavior can be studied in real life. But, for these studies to become truly insightful and
impactful we need to be able to test various interventions similar to those tested in laboratory experiments
(incl. large online experiments) and beyond. This paper is making some suggestions of how we can move
in this direction.
The paper focusses on environmental behavior as an example of social dilemma behavior. But sustainability is a complex and multi-faceted phenomenon associated with several issues. The moral credential
effect was mentioned earlier and it necessitates studying different types of environmental behaviors and
their interaction. Another effect, not mentioned earlier and not included explicitly in the pilot study is
the so-called rebound effect, i.e. increased efficiency (and hence savings from) for instance in energy usage may lead to greater use of electricity or increases in other carbon-intensive behaviors. The rebound
effect makes it also necessary to study different types of environmental behaviors simultaneously. And it
shows how important it is to encourage deep-rooted, conscious behavioral change based on active decision making that prioritizes sustainability. Emancipatory interventions outlined in this paper are aiming
at achieving such behavioral and cognitive change. But, sustainability is not only a problem to be dealt
with at the individual level. It is not the intention of this study approach to suggest that the society should
leave it to the individual responsibility of each citizen to fight climate change and strive for greater sustainability. Nudges or other interventions will not be sufficient to find a solution to the ecological crises
humanity is facing. [56] suggests for instance that “structural barriers such as a climate-averse infrastructure are part of the answer" why people who are environmentally concerned do not necessary act more
environmentally friendly. Hence, policy measures such as taxing companies for CO2 emission, public
investment in sustainable infrastructure etc. are inevitable if we seriously want to make a transition towards a sustainable future. But, the change on the individual level should be encouraged simultaneously
with societal change. If both go hand in hand we are more likely to achieve a true transition.
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