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Abstract

Nudging is a popular method for influencing the decisions of individuals. It has been
deployed successfully by both private and public institutions alike. The spread of connected
devices such as computers, smartphones and wearables have resulted in a new set of nudges,
digital nudges. Also, the number of personal devices and the amount of screentime is
continuously increasing and provides interesting opportunities for choice architecture
interventions. Previous research has been conducted on the effectiveness of nudges, but not
specifically on the effectiveness of nudges delivered through personal devices such as
smartphones. By method of systematic review, including a quantitative analysis, this paper
explores the effectiveness of digital nudges delivered through smartphones and how it
compares to the effectiveness of nudges in general. Overall, the effectiveness digital nudges
are found to be of medium magnitude. The paper finds no evidence that digital nudges are
more effective in comparison with regular nudges. The number of papers included (N=14) is a
limitation of the study, as it is too few to generalize the findings. Digital nudges delivered
through personal devices is an exciting avenue for further research and more experiments
ought to be conducted within this domain.
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Sammendrag

Nudging er en metode for & pavirke beslutningene til enkeltpersoner. Metoden har blitt tatt
1 bruk av bade private og offentlige institusjoner, med suksess. Fremveksten av tilkoblede
enheter som datamaskiner, smarttelefoner og wearables har resultert i en ny type nudging,
digital nudging. Antallet personlige enheter og skjermtid eker kontinuerlig i hele verden, og
gir interessante muligheter for nudging. Tidligere forskning har blitt gjennomfert som
undersoker effektiviteten til nudging, men ikke spesifikt om effektiviteten til nudging levert
gjennom personlige enheter som smarttelefoner. Ved hjelp av en systematisk gjennomgang,
inkludert en kvantitativ analyse, utforsker denne artikkelen effektiviteten av digital nudging
levert via smarttelefoner og sammenligner dette med effektiviteten til nudging generelt.
Samlet sett viser det seg at effektiviteten til digitale nudging er av middels storrelse.
Artikkelen finner ingen bevis for at digital nudging er mer effektivt sammenlignet med vanlig
nudging. Antallet inkluderte artikler (N=14) er en begrensning i studien, da det er for fa til 4
generalisere funnene. Digital nudging gjennom personlige enheter er et spennende omréade for
videre forskning, og flere eksperimenter ber utfores pé dette feltet.

Nokkelord: Nudge, Valgarkitektur, Personlige enheter



1. Introduction

The concept of choice architecture, which involves arranging the environment to
influence decision-making, has gained significant attention within behavioral psychology.
This theory proposes that the decisions of individuals can be positively impacted by "nudges"
- modifications made by choice architects to guide behavior in a predictable way. Nudges are
easy to implement, cheap to avoid, and do not involve significant economic incentives such as
fines or taxes. While previous research has examined the effectiveness of nudges in offline
settings, their impact in the digital environment remains unclear. The use of digital nudges,
which employ user-interface design elements to guide decision making in digital choice
environments, has emerged as an important area of study. Digital nudges can be delivered in
an efficient manner, by making use of smartphones and wearables. The techniques of delivery
can also vary, with the inclusion of haptic feedback. We know a great deal of the efficiency of
nudges, thanks to previous reviews. It is therefore interesting to learn more about the specific
frontier that is nudging through smartphones and wearable devices. This thesis aims to
explore the effectiveness of digital nudges in comparison to traditional offline nudges,

through the method of systematic review.

2. Literature review
2.1 Theories of human decision-making.

In our daily lives, we are faced with numerous decisions. Within micro-economics,
humans are seen as rational actors with perfect information. This is called the theory of homo
economicus. This model does not fully capture the complexities of human behaviour, as there
is evidence indicating that people frequently exhibit irrational and uninformed behaviour.
Behavioural science rejects the idea of homo economicus. Instead, they believe that the

decisions we make are influenced by our environment. The theory of bounded rationality



proposes that choices are made under pressure and within the context of the situation and
environment. This theory was first introduced by Simon (1955).

A person does not consider every aspect of every single choice. Most decisions are
made automatically, while other decisions are made after careful consideration. In everyday
life we do not ponder every decision, relying instead on cognitive shortcuts, biases, and
heuristics. This type of decision making is what Kahneman refers to as system 1 thinking, or
automatic thinking (Kahneman, 2012). The purpose of system 1 is to make efficient decisions.
It operates outside of the cognitive awareness and is responsible for repeated actions or
actions that are trained, i.e., driving. System 1 decisions can suffer from inherent biases
which may influence human decision-making. The reflective system is referred to as system 2
thinking. It is engaged when we actively consider the actions we take and reflect on their
outcomes. This system is conscious, slow, effortful and goal-oriented (Kahneman, 2012).
These two systems are not physically distinct from each other, but rather engaged at different
times, depending on the cognitive strain offered by the task at hand.

2.2 Choice architecture and nudge

Within behavioural psychology the theory of arranging the environment to promote
certain decisions is called choice architecture. The people creating the environment are called
choice architects (Thaler et al., 2012). The action of promoting good decisions, by arranging
the environment is referred to as choice architecture. Nudging, as the term is understood
today, was first proposed by Thaler and Sunstein (Thaler & Sunstein, 2009). The theory has
gained traction within a variety of fields. According to the framework proposed by Hansen
and Jespersen (2013), nudges can be functional in altering behaviour both for system 1 and
system 2 decisions. A nudge is the modification by a choice architect to alter an individual’s
behaviour in a predictable way, without restricting their options, or alter their economic

incentives in a significant way. Examples of such incentives are fines, criminal charges, or



taxes. Nudges are easy to implement and cheap to avoid (Thaler & Sunstein, 2009). Hansen
and Jespersen (2013) categorization yields four types of nudges. Nudges are either transparent
or non-transparent and they address either system 1 or system 2 thinking, as illustrated by
table 1.

Nudging has also made its way into government. Nudging people can help implement
sensible policies. A report by the OECD highlighted the number of countries who have
employed behavioural science teams (OECD, 2017). Countries such as the UK and the US
established specialized units within government to conduct research into nudging and how it
can aid policy making and implementation. None of these units exist anymore. The one in the
US is shut down, while the one in the UK went private. This is contrary to the findings of
Benartzi et al. (2017) who calculated the cost to efficiency ratio of nudges versus other policy
tools. They argued that governments should invest more in nudging, because it is a relatively
cheap way of achieving policy goals. The reason for the governmental pivots may simply be a
political one, rather than a commentary on the viability of nudges. An article outlining the
most important factors for successful nudging on a national scale provides info on how such
policies should be implemented (see Halpern & Sanders, 2016).

Experiments have been conducted to understand to what extent people are receptible
to nudges (Sunstein et al., 2019; Sunstein et al., 2018). These studies investigated whether
there are any differences between populations of different countries. The results exhibited
correlation between susceptibility for nudges and trust in government, with South Korea being
inherently pro nudges (Sunstein et al., 2019). The literature on the acceptance of nudges
proposes some key findings. Nudges are generally approved of in diverse nations (Jung &
Mellers, 2016). Nudges that are perceived to be inconsistent with the interests and values of
the majority of individuals are generally not approved of. Political affiliation does not predict

a citizens reaction to tested nudges (Sunstein & Reisch, 2016). Nudges promoting



favouritism, politically or religiously, are ill-perceived (Sunstein, 2016). Finally, Jung and
Mellers (2016) found that citizens object to manipulation, although their operationalization of
the term manipulation is surprisingly narrow. Populations seem to fall into three distinct
categories with respect to their view on nudging, according to Sunstein et al. (2018). Most
citizens in group 1 approve of nudges if they are in line with the interests of most citizens and
are not illicit in purpose. In group 2, an overwhelming majority of citizens approve of nearly
all nudges. The final group have previously shown a majority approval for nudges, but in this
specific study showed lower approval rates. The authors argue that these results should make
public officials optimistic, and policies built on the foundation of nudging theory can be
implemented if these lessons are adhered to.

Research has also been conducted on how nudges are received when looking at
different personality traits. The study utilized two specific types of nudges, defaults and
social. They concentrated on two personality traits; need for cognition and need for
uniqueness (Ingendahl et al., 2021). The experiments were conducted in the setting of
consumer decisions. The results showed that nudges proved robust in the consumers
exhibiting the different personality traits. They were all susceptible to nudges (Ingendahl et
al., 2021). The previous paragraph illustrates the promise of nudges as a policy
implementation tool; they have potential to work in most circumstances and most nations.

However, the procedure of nudging is not undisputed. There is literature that cautions
against nudging. The arguments range from nudges being harmful if poorly conducted, to the
ethical implications of reducing free will. The result of a poorly executed nudge can have
grave consequences. A common-use nudge for retirement saving is the default nudge. This
nudge is only successful if the default option is sensible. Sunstein, one of the authors of the

original concept of nudges, has written an article on failed nudges, which highlights some of



these issues (Sunstein, 2017). The paper by Kosters and van der Heijden (2015) evaluating
nudge theory underscores this concern as well.

Willis (2013) highlights another crucial factor that influences the effectiveness of
government-introduced nudges, namely the opposition they face. This conflict is centred
around the notion that nudges entail delicate adjustments to choices. Consequently, if
influential actors oppose these nudges, have consumer access, and operate within an uncertain
and confusing decision environment, the nudges can be undone. The implication is that
certain nudges may require legislative support to effectively fulfil their intended purpose, as
opposition can render them ineffective. The author argues that this is true for all nudges
(Willis, 2013). In some field experiments, nudge interventions backfire, see (Bacon & Krpan,
2018; Weijers et al., 2022). Backfiring occurs when subjects exposed to a nudge are less
inclined to exhibit the target behaviour, i.e., choose the option they were nudged towards.
Backfiring entails that the net effect of the nudge is negative. This must be taken under
consideration when nudging on a large scale. An example of large-scale nudging is
governments nudging citizens, as the small intervention have consequences for large amounts
of people. This is illustrated by the example cases presented by Halpern and Sanders (2016).
The reach of the experiments was vast, reaching a minimum of 800 000 people and a
maximum of 27 million people.

The designing of a nudge is important for its viability. One study found that choice
architects have a tendency to select choices that emphasize positive or certain options
(Daniels & Zlatev, 2019). By being skewed to this preference, nudges may become less
accurate and efficient.

2.3 The effectiveness of nudges
The number of nudge experiments conducted are vast. Yet the overall effectiveness of

these interventions is hard to quantify. Numerous reviews have been conducted with the aim



of exploring these questions. Some reviews have received criticism for including too few
studies to be generalizable, (see Benartzi et al., 2017; Kosters & van der Heijden, 2015) while
others have a narrow scope of domain (Talat et al., 2022; Yoong et al., 2020). Both are
conducted within healthcare settings; therefore, they may not be universally generalized
outside of their domain.

Three reviews stand out as comprehensive both in scope and size. The first published
in 2019 (Hummel & Maedche, 2019), the second in 2020 (Beshears & Kosowsky, 2020) and
the final in 2022 (Mertens et al., 2022). They all include over 100 different experiments and a
great number of effect sizes.

The aim of the 2016 review was to find out whether nudges were less effective than
initially thought. The authors found partial evidence to support that notion (Hummel &
Maedche, 2019). They proposed a morphological box consisting of setting, choice
architecture tool, category, application context and clusters of outcomes, as well as
significance and magnitude. Setting tells if the experiment was conducted digitally or not.
They found no differences in effect sizes between the two settings. The categorization of
choice architecture tools is based on the work by Johnson et al. (2012). Choice architects can
either utilize tools to structure the choice task or tools used to describe the choice options. The
former involves designing the number of choices a participant receives, while the latter
involves using language and framing to nudge participants in a specific direction. Categories
refers to the type of nudge implemented. The findings illustrate that altering defaults and
social references are frequently used. In addition, there seems to be an overlap between
category and application context. This indicates the existence of category-context associations
in nudging. In the application context and clusters of outcomes, health interventions are
highly represented. As mentioned above, the findings support the notion that nudges may have

been too highly regarded as effective interventions. One third of the interventions showed



statistically insignificant results. The median effect size calculated is 21 percent across all
studies. The effect sizes vary greatly between categories of nudges. They find that the default
nudge yields the largest effect size and the precommitment nudge yields the lowest effect size.

Merten’s review from 2022 found that across behavioural domains, choice architecture
interventions will promote behaviour change with a small to medium effect size of Cohen'’s d
= 0.45 (Mertens et al., 2022). This is similar to what Beshears and Kosowsky (2020)
presented in their study, with Cohen’s d = 0.41. In both reviews the default nudge is the most
effective. This is in line with the findings from 2016. The status quo bias and decision inertia
may help explain the effectiveness of the default nudge.

However, all these effects are greatly reduced when adjusting for publication bias. The
effect occurs when only successful experiments are published. Interventions that fail, or
otherwise fail to achieve significant results, are not submitted for publishing. Therefore, they
are not included in the material of these reviews. All the previously mentioned reviews
address this issue in their writings. There is also a call for publishing studies of nudges that do
not give statistically significant results. “We also call upon other researchers to publish
insignificant results in the area of nudging such that the publication bias can be determined”
(Hummel & Maedche, 2019, p. 56). There were discussions related to publication bias in the
immediate aftermath of the 2022 review being published. Some scholars argued that when
correcting for publication bias, no evidence in the specific meta-analysis suggests that nudges
are effective as a tool for behaviour change. (Bakdash & Marusich, 2022; Maier et al., 2022;

Szaszi et al., 2022).



2.4 Digital nudges

Nudges also exist in digital environments. Digital nudging is the use of user-interface
design elements to guide behaviour in digital choice environments (Weinmann et al., 2016).
Digital devices surround us in everyday life. They are both powerful tools and distractions.
They also make the user susceptible to dark patterns. Dark patterns are user experience or user
interface which are designed to benefit the entity responsible for sending the nudge, rather
than the user receiving the nudge. The taxonomy made by Mathur, and colleagues proposed
five dimensions of dark patterns; Asymmetric, covert, deceptive, hides information and
restrictive. They conducted a review of dark patterns across eleven thousand online shopping
pages. The review revealed that around 11 % of online shopping pages utilized some sort of
dark pattern. The authors stressed that this number represents a lower bound (Mathur et al.,
2019) and that the number is likely far larger. Many decisions can be influenced through
digital interaction, but the effectiveness of nudges in the digital sphere is unclear. Some
studies have been conducted to address this issue. Hummel and Maedche (2019) touched on
the subject in their 2019 review and found no difference in the effectiveness between nudges
conducted offline and digital nudges. They also offered a distinction between such nudges.
Digital nudges are specific nudges adhering to the previous definition offered by Weinmann et
al. (2016). In contrast, nudging that occurs in a digital setting includes all nudges where
information technology is, in some way, involved in the nudge (Hummel & Maedche, 2019).
Examples of this are experiments involving nudges delivered by a computer.

In 2022, a systematic review specifically looking at digital nudges was published
(Bergram et al., 2022). It uncovered that papers on digital nudges were severely concentrated
within specific domains; more than half of the papers were concerned with privacy/security,
e-commerce/marketing and social media. The review articles cited above did not specifically

look for the effectiveness of nudges delivered by personal devices.
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Personal devices in this context are handheld devices or wearable devices, such as
phones, smartwatches, or other wearable devices capable of delivering a nudge. The last
number of years has shown a continued increase in the number of such devices with 5.22
billion people users globally (Ericsson, 2022). The number of connected wearable devices
worldwide was 1.1 billion in 2022 (Laricchia, 2022). The potential for nudges through these
types of devices is vast. Olson et al. (2022) propose ten nudge-based strategies for reducing
screentime, recognizing the power of nudges through handheld devices. They found that some
strategies were effective; among them was turning off non-essential notifications.
Smartphones have built-in software for nudging that can be leveraged, such as the screen-time
notification embedded in the iPhone. A study by Zimmermann and Sobolev (2022), included
in this review, utilized such software. Their argument is that their results are more
representative because they do not use software developed for research purpose, but rather
mainstream solutions available to everyone (p. 10). Zimmermann and Sobolev experimented
with both passive and active nudges. The active nudge was a screen-time notification, and the
passive nudge was the utilization of greyscale. With greyscale activated, the phone only
shows black and white on the screen, which is theorized to be less engaging than full colours.
The results showed that the passive nudge reduced screentime immediately and kept usage
low. The active nudge reduced screen time more progressively (Zimmermann & Sobolev,
2022). Some researchers, such as Ogbanufe and Gerhart (2018) attribute the increased usage
of smartwatches not to visual stimuli but haptic feedback that can be given through such
devices. Their study showed that users of wearable devices who primarily use them for fitness
tracking are more likely to continue the usage. Three key functionalities related to nudges
through wearable devices are identified by Nakamura (2021). Firstly, they track the wearers
actions utilizing sensors. Secondly, they present the actions in useful and gamified ways to

make the users understand their own actions. Third, these devices present the wearer with
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real-time feedback enabling the user to reflect on their behaviour. Previous research has
shown that the timing of delivering a nudge is crucial for its success, see Gillitzer and Sinning
(2020). This point is also raised by Purohit and Holzer (2019). They synthesized findings
from other studies and found that the timing of a nudge was crucial for most type of nudges,
such as reminders, feedback, and provisions of information.

Delivery of nudges through personal devices offers an exciting avenue for maximizing
the possibility of impactful timing, as the efficiency of a nudge is closely linked to its timing.
Personal devices, being accessible to users throughout the day, provide an opportunity to
enhance the effectiveness of nudges in a targeted manner. Surveying the effectiveness of
nudges relayed through personal devices versus the effectiveness of regular nudges, can
provide a better understanding of what channels can be utilized to maximize the impact of a
nudge. Therefore, this thesis aims to answer the research questions; How efficient are digital
nudges delivered through personal devices? And how does that efficiency compare to

traditional nudging?

3. Method

The method of a systematic literature review was deployed to answer the research
question. This method has longstanding merit within various scientific fields (Brocke et al.,
2009). The process starts with the definition of the review scope and thereafter
conceptualizing the topic and developing criteria for inclusion. Subsequently a search is
conducted, before the results are analysed and the findings presented (Brocke et al., 2009), see
figure 1. Other authors have empathized the importance of literature reviews to advance
knowledge within the different fields of science. A good review can help facilitate theory
development and uncover areas where further research is needed (Webster & Watson, 2002).
The literature review section of this paper will be presented according to the guidelines

offered by the PRISMA statement (Liberati et al., 2009).
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3.1 Literature search

The literature search was conducted on March 27, 2023. Because of the nature of the
research field, SCOPUS and PsycINFO were utilized as the databases for search. PsycINFO is
a database comprised of knowledge within the domain of psychology. It covers behavioural
psychology. SCOPUS is a multidisciplinary database covering topics across a vast range of
knowledge domains. It was included in the search to encompass nudge interventions in other
fields of research. The search was performed similarly in both databases. The search term was
the truncation of nudge, “nudg*”. The search term must appear in the title, the abstract or the
keywords listed for the papers. The truncated version of the word was utilized to capture all
variants of the word, such as “nudging” and “nudges”. This ensures that all forms of the term
are represented in the search and reduces the chance of accidentally leaving out qualified
papers. The search was then constrained by year, only looking at papers published between
2021 and 2023. This limitation was introduced because of the sheer number of papers
published between 2018 and 2023; a search covering the years of 2018 to 2023 yielded a total
of 3500 papers. The scope of this thesis made it a necessity to limit the number of years in
terms of the search. Also, by including the latest research the analysis is as current as possible.
Further limitations were introduced, such as only including peer-reviewed journals and
quantitative studies. The final constraint was limiting the number of languages to include only
English papers or papers written in either Norwegian, Swedish, or Danish. These constraints
were the same in both databases, although the SCOPUS search did not allow for the specific
search for quantitative studies. Non- quantitative studies were therefore excluded during the
review process.

Other criteria of inclusion were that each study must reference the original work of
Thaler and Sunstein (Thaler & Sunstein, 2009). This criterion was included to make sure that

each paper included in the analysis addressed the proper concept. Nudge is both a concept and
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a word in the vernacular of the English language. Therefore, to ensure the accuracy of the
included papers, this criterion had to be met. The papers must report quantitative data, and the
dependent and independent variable must be precisely described. The review excludes papers
where the participants of the experiments are not human, studies about the ethics and or
politics of nudging, and explanatory papers about the implementation of nudges.

In total the first search yielded over 2300 papers. After the duplicate check 1834 papers
remained for abstract screening. Of them, 830 referenced the work of Thaler and Sunstein.
The big discrepancy between the results of the search and the exclusion of any paper not
referencing the book which introduced the concept can be explained with the fact that nudge
is a word in the English language, prominent in other fields of science. Figure 2 shows the
selection of papers. During the review process, the studies were categorized based on whether
the interventions were digital or non-digital. The studies which did not yield a definitive
answer to this question were included for further review. In total 211 studies were further
examined for eligibility. Finally, 14 studies were included in the review.

The large difference in the number of full text reviews and final eligible studies can be
explained by the small number of interventions delivered by smartphones and wearables.
Many of the studies deemed digital were digital in the context of utilizing computers and
computer software. This was true for many studies, see (Gustafson et al., 2022; Kirkegaard et
al., 2022; Meske et al., 2022). Some studies, like Babar et al. (2022) were excluded because
their dependent variable was simultaneously under the influence of a financial incentive. They
provided no data for the nudge intervention without this influence. The results also yielded
studies not finalized where the data was not available. This was the case for Loy et al. (2021).
Finally, studies were excluded when they did not provide baseline data. Reeck et al. (2023)
investigated how consumers could more easily adapt new applications and studied different

nudging techniques. However, they did not include a control group and therefore they could
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only give results based on the efficiency of the different nudges in relation to each other. That
made the study ineligible for this review.

3.2 Coding

The coding of the papers draws on the work done by Hummel and Maedche (2019)
and Bergram et al. (2022). The overreaching data points are similar to those utilized in the
review of effectiveness of nudges in general in 2019, but based on the ten categorizations of
digital nudges proposed by Bergram et al. (2022). Additionally, the category of “reminders”
was included. In total there were eleven possible categories. However, in the included
selection of studies, only 8 different categories are represented, see section 4.2. These
categorizations are the most current and suitable because they are fine tuned in the context of
digital nudges. Another difference is that while Hummel and Maedche (2019) coded the
intervention category using the metrics “describing the choice options or structuring the
choice task”, the present paper utilizes the categorization from the taxonomy on nudges put
forth by Miinscher et al. (2016). This categorization was also deployed by Ytreberg et al.
(2023). Miinscher and colleagues suggest three categories of choice interventions. They are
detailed in table 2. These were made for nudges in general and not specifically for digital
nudges. However, they are suitable for this purpose as digital interventions can utilize a wide
variety of techniques.

All papers were coded in the same manner. First, the information about authors,
journal, title, and years were extracted, as well as the context and the country of the papers.
Country is self-explanatory, but context is the various domains in which each intervention
took place. Health is one, while privacy is another. Further, both the dependent and
independent variable was extracted, together with the direction of the nudge. The direction of
the nudge could either be “increase” or “decrease”, dependent on the weather the nudge was

intended to increase or decrease the target behaviour. Nudge category and intervention
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category have previously been explained. The extraction of the quantitative data was coded in
categories. Significance (p) was extracted directly from the results. The experiment was
deemed significant if p < 0,05. The absolute magnitude was calculated, along with the relative
magnitude. Cohen’s d was calculated for experiments where all necessary data was available.
Additionally, the overall magnitude of the experiment was coded as either low, medium, or
high. The final points extracted from the studies were the values of N, the unit of N, the type
of experiment, what device was utilized in the delivery of the nudge and if SMS was the
medium of delivery. The inclusion of the SMS value was done to highlight the difference
between SMS as a medium and other media such as applications.

For some studies, some clarification is warranted. In the case of Bauer et al. (2021),
three different types of nudges were combined into one intervention. They made use of a
combination of salience, effort and framing in designing their nudge. To extract meaningful
data this combination was coded as a friction nudge. Both the salience nudge and effort nudge
results in friction for the user, therefore this effect was deemed dominant. No data was
provided to isolate the effect of each of the nudges. Van der Sande et al. (2023) conducted two
experimental studies to examine the efficacy of nudges in promoting reading engagement
among students in primary and secondary education. In the primary education experiment,
digital nudges were delivered to parents, who were subsequently tasked with nudging their
children towards reading activities. Therefore, the subjects in this case were the parents and
not the children. The evaluation of parental behaviour included measurements of the
frequency of their encouragement for reading and their familiarity with children's literature.
Notably, this experiment collected data related to the parents' responses, as the children

themselves did not receive direct exposure to digital nudges.
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3.4 Data synthesis

All data necessary to calculate Cohen’s d were not included in every article. Therefore,
the results from the studies will be presented using a quantitative review. The previous
paragraph explains how the specific data needed was extracted and coded. To thoroughly
investigate the efficiency of nudges across all studies, the value of relative magnitude is
crucial. The relative magnitude is defined as the percentage change between the dependent
variable of the treatment group and the control group, in accordance with Hummel and
Maedche (2019). Other scholars, such as (Halpern, 2015) have also advocated for the
utilization of relative effect sizes. It is a good measure to properly compare interventions
across domains and techniques to reliably address the effectiveness of interventions.

3.5 Publication bias

In any systematic review the issue of publication bias must be addressed. In the
aftermath of the publication of the meta-analysis conducted by (Mertens et al., 2022) three
different critiques were published of the study, see (Bakdash & Marusich, 2022; Maier et al.,
2022; Szaszi et al., 2022). All of them criticize the study for not sufficiently address the
publication bias in the reported results. Publication bias exists when the studies included in
the selection show an artificially elevated significance. This is normally related to the fact that
studies showing significant effects are widely more accepted for publication in scientific
journals (Begg & Berlin, 1988; Kicinski et al., 2015). The fact that many systematic reviews
have publication in a peer-reviewed journal as an inclusion criterion amplifies this problem.
This is also present in the work governments do around nudging. Maynard and Munafo (2018,

p. 201) raise this issue:
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“An underlying reason for publication bias in both academic and policy settings are
the pressure to ‘find’ interesting results or perhaps, in the case of policymakers, findings that
fit with their policy objectives.”

They find that of the 300 different randomized controlled trials conducted by the
Behavioural insights team, only 69 were published.

To assess publication bias, different methods can be utilized (Lin & Chu, 2018). In this
case the author have performed a Begg’s test as proposed by Begg and Mazumdar (1994). The
reason for this selection was the available data. Not all studies provided information, such as
standard errors. These are needed to make a funnel plot or perform an Egger’s test, therefore
the Begg’s test was utilized on all included studies. To investigate the potential presence of
publication bias in the dataset, a modified version of the Begg’s test was employed. Out of the
studies included in this review, only five provided sufficient data to compute the effect size
using Cohen’s d. Consequently, the assessment of effectiveness has thus far been based on
relative magnitude. To gauge the existence of publication bias within the material, the relative
effect size of each study was aggregated to determine the average relative magnitude. The
same was done for sample sizes. This approach aimed to account for the diverse interventions
employed across the various studies. Alternatively, a single effect size could have been
selected as a representative for each study, but this method was deemed too arbitrary. Then,
the average relative effect sizes were ranked in ascending order, with the highest magnitude
assigned a rank of one and the lowest magnitude assigned a rank of 14. A bivariate correlation
was conducted using SPSS to assess the correlation between relative effect size and sample
size. The correlation between the two variables was -0.306, meaning that larger relative effect
sizes usually had a lower number of participants. This holds true when looking at Ghosh and
Singh (2022). However, this effect was not statistically significant as the p-value was 0.288,

and therefore p > 0.05. Successively, a z-test was conducted. The results showed that these
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findings were not statistically significant with a result of 0.08, i e. p > 0.05. Consequently, it
can be interpreted that there is no evidence of publication bias in the material. However, due
to limitations arising from the lack of data and the methodology employed in this test, this
assertion cannot be conclusively confirmed. Also the small number of studies, 14, can
influence the power that the Begg’s test holds in determining publication bias. Begg and
Mazumdar (1994) themselves said that their test is more accurate on a larger set of data. The
test is very powerful on a sample of 75 studies, but only moderately powerful on a sample of
25 studies. The present study includes an even smaller sample. Thus, it can be deduced that
the power of its result is low. The result of the Begg’s test should be interpretated solely as an

indication, rather than conclusive evidence.

4. Results

14 studies were eligible for inclusion. Within these studies 58 effect sizes were
identified. One thing to note is the large number of effect sizes. The average study reported >
4 effect sizes, with one study reporting as many as 10 effect sizes (Dai et al., 2021). Some
studies such as Bergh et al. (2021) tested nudges on different dependent variables. Other
studies like Liu et al. (2022) tested different nudges on the same dependent variable. All
included studies reported more than one effect size. However, in the case of (Bauer et al.,
2021; Rafai et al., 2022) only the relevant effect size was extracted. In these cases, the main
experiment did not revolve around a smartphone or a wearable, but they provided information
on the intervention in that form, making the extraction possible. Therefore, the number of
effect sizes ranges from 1 in those studies, up to 10 in the study conducted by Dai et al.
(2021). One reason for the large number of effect sizes in each study may be related to the
fact that digital nudges are cheap to produce. Also, half of the studies utilized SMS as mean
for delivering the nudge, testing different wording. This runs up the total number of effect

sizes. This information is available in figure 3, the morphological box.
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The relative magnitude could either be positive or negative values. In some
experiments, the nudge backfired. This results in an inverse relationship between the absolute
magnitude of the intervention and the direction of the nudge, as illustrated by Patnaik et al.
(2022). This is represented by a negative relative magnitude. If the intention of the nudge was
to decrease certain behaviour, such as the energy example in Liu et al. (2022), the absolute
magnitude is a negative value. Not all studies reported data on all the coded variables, or
adjacent information needed to make a meaningful estimate. For example, the study by Ghosh
and Singh (2022) did not report the required numbers for the dependent variable “changes to
visibility settings”.

58 effect sizes were reported, see table 3 for distribution across categories of
intervention and nudges, while table 4 provides an overview of the number of studies per
application context. 32 (55,17 %) effect sizes were deemed insignificant. Therefore only 26
effect sizes were reported to be statistically significant (44,83 %). The threshold for
significance was p < 0,05. Some papers claim that results are significant when p < 0,1, such as
Ghosh and Singh (2022), but in this paper they are deemed insignificant because of the
threshold utilized. This adds to the relative high number of insignificant effects. Another
reason for the high number is the fact that some studies such as (Patnaik et al., 2022; van der
Sande et al., 2023) do not report the p-value of their interventions or address the significance
in the discussion. Therefore, they are deemed insignificant in this context. Both studies have
many effect sizes, eight and six, respectively, contributing to skewing the numbers. Other
studies also do no report the p-value but write that the interventions are significant. In the case
of Bergh et al. (2021), no p-values were reported but they state that “there is a statistically
significant increase in turnout across all groups” (Bergh et al., 2021, p. 1102). They are

therefore included in the pool of significant results.
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The median relative effect for all effect sizes is 7,81 percent. The values range from 0
percent (Patnaik et al., 2022) all the way to 500 percent (Ghosh & Singh, 2022). All
interventions were included in this calculation, even though some does not include a
numerical value. This was done to not artificially inflate the effect, but rather give a
conservative estimation. Notably, some studies include very large relative effect sizes. The
explanation for the large relative effect sizes in Ghosh and Singh (2022) may be attributed to
the small number of participants in the experiment (N=35), small changes stemming from the
intervention can have extremely large relative effects. The absolute magnitude of the
intervention that yielded a relative magnitude of 500 percent is 8, which illustrates the
previous point.

The average relative effect size across all 58 interventions is 22.37 percent. That
number increases to 45.15 percent when isolating significant effects and decreases to 2,52
percent when isolating insignificant effects. The pool of significant effects includes the large
effects found in Ghosh and Singh (2022). If that study is excluded, the average relative effect
size for significant interventions is 21,02 percent and just 10,80 percent for all effect sizes.
Excluding this study may give a truer impression on the effectiveness of nudges. These results
can be found in table 5.

4.1 Effect Sizes: SMS vs. Non-SMS Interventions

None of the studies included examined nudges delivered through a wearable device.
All studies used smartphone as the medium of delivery. Half the studies (N = 7) utilized SMS
as the mean for nudging, while the rest of them used applications. Most effect sizes were
based on sending an SMS, with 39 in total. Only 19 effect sizes were not SMS based. One
reason for this is the large number of effect sizes in some studies utilizing SMS. As mentioned
previously, Dai et al. (2021) contains 10 effect sizes, contributing to skewing these numbers.

The average effect of SMS based interventions is 8,14 percent. Interventions not using SMS
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as the method of delivery yielded a relative magnitude of 54,89 percent. That number is
artificially large because of the study conducted by Ghosh and Singh (2022). Excluding this
study results in an average effect of 18,02 percent, which is more in line with the overall
findings. It is worth noting that the non-SMS based interventions were more effective on
average than the SMS-based ones, as table 6 illustrates. This may be related to the type of
nudge delivered. The SMS based nudges were largely reminders, while non-SMS
interventions utilized a broader spectrum of nudge-technique.
4.2 The effect sizes by nudging category

Utilizing and modifying the nudging categories suggested by Bergram et al. (2022),
the nudges were coded into categories. The eight categories utilized were friction,
commitment, deception, feedback, warning, disclosure, reinforcement, and reminder (see
table 7 for a breakdown of number of effect sizes per category). Reminder nudges are the
largest category with 24 effect sizes, the second largest being reinforcement with 15. There
are substantial differences between the average effect sizes per nudge category, ranging from
negative 2,68 percent to 227,14 percent. The largest effect is the warning nudge at 227,14 per
cent. However, this is artificially inflated due to the fact that the only study utilizing the
warning nudge was Ghosh and Singh (2022). The second most effective category of nudge is
friction (57,14%) followed by feedback (27,18%).
4.3 The effect sizes per application context

Table 8 gives information about the effect sizes in the application context. Similarly to
the effect sizes by nudging category, the context in which the Ghosh and Singh (2022) study
was conducted, reports the largest relative effect. Privacy reports an average effect of 172,67
percent. Energy (46,79 %) and health (10,16 %) follows. The context of safety, energy, and
policymaking all include one sole study. Therefore, these numbers are dependent on that

specific study and their respective limitations. This may lead to inaccurate results. The context
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of health includes 5 studies and 27 effect sizes. The larger number of studies and effect sizes
increases the reliability of these numbers. The average effect size within health is also quite
close to the average effect size of all studies, when correcting for outliers (10.88 %).
Interestingly, within the educational context, a negative value is observed, which signifies the

occurrence of a backfiring effect in response to the intervention.

5. Discussion

Nudging, the art of rearranging the environment through choice architecture
interventions, has gained merit. Interventions can be designed that are true to the original
concept which emphasizes the principles of low cost and ease of avoidance. Nudging is a
viable strategy to influence difficult decisions. Previous systematic reviews and meta-analysis
such as (Hummel & Maedche, 2019; Mertens et al., 2022) suggest that nudges are effective
across behavioural domains. Crucially, they have shown that some categories of nudges are
more effective than others. This review investigates to what extent nudges delivered through
smartphones or wearables are effective and if there is a difference between the means of
delivery method on the effectiveness of nudges.

Nudge studies are frequently conducted by rearranging the environment to promote
certain positive decisions. One example of this is the physical placement of food in canteens
and cafes. Other nudge studies are conducted in laboratory settings with computers delivering
the nudge. This last example is also an example of a digital nudge, but not delivered through
personal device such as smartphones or wearables.

No studies in this review specifically utilized wearables for delivering nudges.
However, with seven studies making use of SMS as the mean for delivering the nudges, it
cannot be ruled out that some recipients have read these nudges on a wearable device. As this
effect is not quantifiable, there is no further mention of this. Interestingly, the percentage of

SMS based nudges was quite high, with 39 effect sizes reported. In this context SMS
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reminders is old technology. It was also less effective overall, as the average relative effect
size was 8,15 percent. By contrast, the mean relative effect size while correcting for outliers
not utilizing SMS was 18,02 %. A plausible explanation for this is that nudges delivered by
SMS were overwhelmingly reminders. Overall, reminders were among the least effective
types of nudges with an average relative effect size of 4,82 %. This corresponds with findings
of Mertens et al. (2022), but stands in contrast of the findings from (Hummel & Maedche,
2019).

For a nudge to succeed it needs to reach the recipient at an impactful time. Therefore,
with the accessibility of smartphones and the increasing amount of screentime, the potential
impact for nudges delivered through this medium is vast. The voter turnout in the study
conducted by Bergh et al. (2021) increased in all groups. Reminders were powerful in this
specific situation, and it shows the inherent power of nudging delivered in timely fashion.
This is especially impactful in a voter turnout setting, as it may shift the outcome of elections.

All studies relied on visual nudges, rather than any other sensory effect. It would have
been interesting to understand the context in which other than visually presented nudges could
be more effective. Okeke et al. did an experiment where they delivered haptic feedback to
decrease digital overload. More experiments should be conducted to address this knowledge
gap. It is especially interesting to understand how the effectiveness of a visual nudge differs
from a nudge that relies on other sensory effects.

All data utilized and the different viewpoints are presented here as accurately as
possible. The criteria of only including articles from peer-reviewed articles acts as foundation
for upholding the ethical integrity of this paper. All published peer-reviewed articles are
subject to the Declaration of Helsinki, which states that:

“Researchers, authors, sponsors, editors, and publishers all have ethical obligations

regarding the publication and dissemination of the results of research. (...) Reports of
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research not in accordance with the principles of this Declaration should not be accepted for
publication” (World Medical Association, 2013).

The papers included in this review have undergone a rigorous publication process,
ensuring that the ethical considerations have been properly addressed.

There is a continued discussion within the academic field about the ethics of nudges
and paternalism. Paternalism is understood as the infringement of personal freedom and
autonomy (Thompson, 2013). The concept of libertarian paternalism was introduced by
Thaler and Sunstein (2003), and was developed on the notion that paternalism may, in some
instances, enhance quality of life, rather than limit it. Many papers have been written on the
fact that nudge threatens human autonomy, see (Engelen, 2019; Lin et al., 2017; MacKay &
Robinson, 2016; Schmidt & Engelen, 2020; Selinger & Whyte, 2011). On the other hand,
Fowler and Roberts (2019) argue that nudging can enhance the autonomy of individuals,
given certain circumstances. Specifically, nudges can enhance autonomy if they encourage
better health outcomes in the long run. They consider nudges which generate larger autonomy
in the long run legitimate, even if the nudge means giving up some autonomy in the short run.
The ethical concerns of nudges are not to be taken lightly. Nudges may be manipulative in
their simplest form, which is why the responsibility of choice architects should not be taken
lightly. When arranging the context of a choice, there is every possibility that someone
subjected to a nudge can end up worse off. This is especially true when looking at default
nudges, such as opt-out schemes, as noted by Blumenthal-Barby and Burroughs (2012). A
default nudge is only good if the default has been properly researched. If insufficient research
has been conducted, people may have been better off had no intervention been implemented.
This is also the case when nudges backfire. That happens when a nudge designed to increase
certain behaviour instead reduces the target behaviour. However, the original concept was

adamant that one should nudge for good. Many scholars adhere to this, realizing the true
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potential of a well delivered nudge. Some argue that nudges are vital to provide ease of
information processing for vulnerable consumers, therefore nudges are fairness enhancing
(Fowler & Roberts, 2019; Schubert, 2017). To ensure the ethical integrity of nudges the
transparency of the intervention is vital. Nudges are transparent when the people subjected to
the nudge are informed of the implementation and its intended consequence. In that case, the
people being nudged have complete information about the intervention. Experiments have
been conducted to assess the efficiency of the covert nudge versus the transparent nudge with
no difference being found (Bruns et al., 2018). There is therefore no reason for introducing
covert nudges.

Digital nudges are able to spread very quickly and they are incredibly cheap to
implement (Ozdemir, 2020). Within the context of digital nudges, the ethical concerns
become even more visible, given the rise of dark patterns. They stand in stark contrast to the
original definition of nudge, which states that nudges shall help “people to make better
choices (as judged by themselves) without forcing certain outcomes upon anyone” (Thaler &
Sunstein, 2009). There is inherent power in designing and framing information and therefore,
the choices made in such an environment may not accurately reflect our personal preference
(Waldman, 2020). Dark patterns are problematic in many ways. An intention of the dark
pattern is to increase sales by exploiting cognitive biases. The introduction of a price decoy
can be such an example. Price decoys can alter the preference of a consumer by leveraging the
attraction effect (Angner, 2016). The study conducted by Rafai et al. (2022) did not find
evidence of this. All the studies in this systematic review relied on visual delivery of the
nudges. Therefore, the user interaction with the nudge is susceptible to manipulation by dark
patterns.

Our interpretation of the effectiveness of nudges may be skewed by publication bias.

The meta-analysis conducted by (Mertens et al., 2022) received widespread criticism for their
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conclusions. The critics referred to the fact that publication bias rendered their conclusions
void. The effectiveness of nudges was reduced to a minimum when controlling for publication
bias. To understand how publication bias interferes with this review, a Begg’s test was
conducted. It yielded insignificant results, indicating that the material included in this review
may not be influenced by publication bias. This cannot be fully determined, as previously
explained.

The mean relative magnitude across all studies and interventions is found to be 10,80
percent, when adjusting for outliers. Therefore, digital nudges delivered through personal
devices are found to have medium magnitude. This is significantly lower than the results
reported by Hummel and Maedche (2019) (30 %), Mertens et al. (2022) (Cohen’s d = 0.45)
and Beshears and Kosowsky (2020) (Cohen’s d = 0.405). Several potential explanations
account for these observations. First, the inclusion of a limited number of articles in the
review amplifies the influence of each individual study's findings. Also notable, out of the 58
effect sizes considered, 13 revealed evidence of unintended consequences, thereby
contributing to the overall diminished effectiveness of the observed effects. Of these 13, 11 of
the nudges were reminders, with just two studies, van der Sande et al. (2023) and Patnaik et
al. (2022) contributing 8 effects in total. The findings of Purohit and Holzer may help explain
why reminders were prone to backfire. They found that the timing of delivering reminders
was crucial. One can imagine that receiving a text message in the wrong context, can result in
it being easy to ignore, or even provoke the receiver.

Conversely, the average relative effect size for nudges that did not result in backfiring
aligns more closely with previous research findings, with a magnitude of 31.72 percent. The
review did not encompass all categories of nudges, and there is a disproportionate
representation of reminder or reinforcement nudges, accounting for 39 out of the total 58

nudges examined. The size of these two groupings may skew the results.
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Overall, the review finds no evidence that nudging through personal devices is more
effective than regular nudges. In fact, the findings indicate the contrary. However, there are
some limitations to the present study. The number of studies included in the review are too
few for generalization. Too few studies have been conducted investigating nudging through
devices. The vast number of studies that were excluded based on that criterion reveals a
research gap. Also, if the specific inclusion criteria, “referencing the original work of Thaler
and Sunstein” had been dropped, more studies could have been included. As mentioned
previously, this was done to reliably ensure that it was nudge as a concept that was addressed
and not the word in it of itself. The strict inclusion criteria utilized means that the reliability
of the study is ensured. Not all studies included in the review reported all their data.
Therefore, a meta-analysis could not be executed. A modified version of a Begg’s test to
investigate the presences of publication bias in the material, returned no definitive answer of
its presence. The present review does not contain enough data for generalization but can act as
a spearhead for further research. As technological devices increasingly exert influence over
individuals, the susceptibility of people to various types of behavioural nudges, both positive
and negative, becomes evident. Therefore, further research must be conducted to fully
understand this influence. The investigation of digital nudges on personal devices is an
intriguing area of research. I encourage my colleagues to conduct additional experiments in
this context to further explore its potential and contribute to the advancement of knowledge in

this field.

6. Conclusion

The concept of nudging has proven merit in various settings, offering a way to
influence difficult decisions through choice architecture interventions. Previous systematic
reviews have shown the overall effectiveness of nudges across different behavioural domains,

highlighting that certain categories of nudges are more effective than others. This review
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specifically explores the effectiveness of nudges delivered through smartphones and
contrasted them with previous findings of the effectiveness of general nudges.

Although no studies in this review specifically utilized wearables for delivering
nudges, the prevalence of SMS-based nudges indicates their potential influence, despite being
less effective overall. SMS reminders, which constituted a significant portion of the nudges
examined, were among the least effective types of nudges. It is important to note that nudges
delivered through smartphones have a wide-reaching impact due to their accessibility and the
increasing amount of time individuals spend on their devices.

While all studies in the review relied on visual nudges, further research is needed to
understand the potential effectiveness of other sensory-based nudges, such as nudges based on
haptic feedback. Ethical concerns surrounding nudging exist, and it is crucial for choice
architects to consider the transparency and potential manipulative nature of nudges. Digital
nudges raise additional ethical considerations with the emergence of dark patterns that exploit
cognitive biases.

The interpretation of nudges' effectiveness may be influenced by publication bias, as
seen in previous meta-analyses, although its presence can neither be confirmed, nor denied
based on the Begg’s test conducted. The overall mean relative effect size in this review
indicates a medium magnitude of effectiveness for digital nudges delivered through personal
devices, which is lower than previous research findings. However, the limited number of
articles and the disproportionate representation of certain types of nudges in this review may
impact the observed effectiveness.

Overall, the review does not find evidence that nudging through personal devices is
more effective than traditional nudges. However, it is important to acknowledge the
limitations of the study, including the small number of included studies and the need for

further research to fully understand the influence of digital nudges on personal devices. As
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technological devices continue to exert influence on individuals, it is essential to continue
exploring the potential of digital nudges and contribute to the advancement of knowledge in

this field through further experimentation.
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Table 1

Four Categories of Nudges, Adapted From (Hansen & Jespersen, 2013).

Transparent Non-transparent
System 1 Influence behavior Manipulate behavior
System 2 Prompt reflective choice Manipulate choice
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Figure 1

Process of Literature Review by Brocke et al. (2009)
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Figure 2

Overview of Review Methodology (Adapted and Modified PRISMA Flowchart) (Liberati et

al., 2009)
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Table 1

Categorization of Intervention Techniques (Miinscher et al., 2016)

Category Technique

Examples

Decision information Translate information
Make information visible
Provide social reference point

Decision structure Change choice defaults
Change option-related effort
Change range or composition
of options
Change option consequences
Provide reminders

Decision assistance

Facilitate commitment

Reframe and simplify
Feedback
Refer to descriptive norm
Use prompted choice
Increase/decrease physical effort
Change categories, change grouping of
options
Connect decision to benefit/cost, change
social consequences of the decision
Reminders via SMS
Support self-commitment/public

commitment
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Figure 3

Morphological Box, Adapted from Hummel and Maedche (2019)

Dimension Characteristic
Nudge method Non-SMS (7)
Choice architecture Decision information (11) Decision structure (4)
tool
Category Social = Warning | Disclosure = Reinforce = Deception = Default = Friction
© 6 2 (15) (O] © 3
Application context = Health = Education Privacy Safety Consumption
(&) 2 @ 0] ()]
Significance Significant effect
(26)
Magnitude Low (<10 %) (30) Medium (10-30%) (18)

Not significant effect

Decision assistance (43)
Scarcity = Feedback | Commitment

M
Policy making

High (> 30%) (9)
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Table 3

Matrix of Application Context and Nudge Categories

Category Health Consumption Safety  Privacy Energy Education Policy Making  Total
Friction 1 1 1 3
Commitment 1 1
Deception 1 1
Feedback 3 3 6
Warning 6 6
Disclosure 2 2
Reinforcement 5 10 15
Reminder 20 4 24
Total 27 4 3 7 3 10 4 58
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Table 4

Number of Studies for Each Application Context

Category Health Consumption Safety Privacy Energy Education Policy Making Total

Number of studies 5 2 1 2 1 2 1 14
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Table 5

Overall Results from Analysis

All studies
(N=14)

Excluding (Ghosh
& Singh, 2022)

Mean relative effect size (All effects)
Mean relative effect size (Significant effects)
Mean relative effect size (Insignificant effects)

Median relative effect size (All effects)
Median relative effect size (Significant effects)

Median relative effect size (Insignificant effects)

22,37 %

45,15 %
2,52 %
7,81 %
18,67 %

0,33 %

10,80 %

21,02 %
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Table 6

Effectiveness Dependent on SMS or Not

Category SMS NO SMS NO SMS (excluding Ghosh
and Singh (2022)
Number of studies 7 7
Mean relative effect size 8,14 % 54,89 % 18,02 %
Median relative effect size 5,60 % 11,28 %
Number of effect sizes 39 19 15
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Table 7

Average Effect Size per Nudge Category

Friction =~ Commitment Deception ~ Feedback ~ Warning  Disclosure Reinforcement Reminder

Mean relative effect size 57,14 % 4,41 % 0,87 % 27,18 % 227,14 % -2,68 % 14,58 % 4,82 %
Median relative effect 26,09 % 4,41 % 0,87 % 16,56 % 300,00 % -2,68 % 14,58 % 2,72 %
size
Number of effect sizes 3 1 1 6 6 2 15 24
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Table 8

Average Effect Size per Application Context

Health  Consumption  Safety Privacy Energy  Education Policy Making
Mean relative effect size 10,16 % 5,40 % 7,56% 172,67% 46,79 % -5,79 % 8,23 %
Median relative effect size 11,53 % 0,60 % 943% 127,66 % 57,69%  -0,03 % 6,31 %
Number of studies 5 2 1 2 1 2 1
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