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ABSTRACT

Research output related to digital nudging has increased ten-fold
over the last five years. Nudging in the digital realm differs from its
analog counterpart in important ways. For instance, online, choice
architectures can be interconnected and personalized using real
time data. In the face of this development, it is crucial to understand
the current state of the literature and to map out possible research
gaps. This paper addresses this issue and provides a systematic re-
view of empirical studies where digital nudges have been evaluated.
The systematic review covers 73 peer-reviewed papers containing
109 separate studies where 231 digital nudges have been evaluated.
Our results lead to nine open research questions to be addressed in
the future by the research community.
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1 INTRODUCTION

The concept of nudging emerged in the field of behavioral eco-
nomics and policy-making around 2008 with the publication of
the book “Nudge” [129]. It has gained momentum since then to
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become one of the most transformational trends in the public sec-
tor during 2020 [36]. Undergirding the concept of nudging is the
concept of choice architecture: an environment where choices and
behaviors occur. These choice architectures are omnipresent and
range from natural phenomena such as the weather, to abstract
concepts such as policies, or concrete objects such as furniture
designs [124]. A concrete example of sensitizing people to both the
opportunities and the challenges that come with the concept of
choice architecture is the arrangement and display of foods in a
cafeteria [129, 130]. This example shows that there is no neutral
way to arrange and present the foods in a cafeteria leading the
designer to inevitably guide the choices and behaviors of guests. In
the literature, there is a lively debate on where to set boundaries
as to what qualifies as a nudge. Definitions range from general to
specific (see [48, 77, 84, 123] for a review). Among the general defini-
tions available, a nudge could be broadly defined as an intervention
that steers people in particular directions but that also allows them
to go their own way [123, p. 417], or as “an intervention on the
choice architecture that is predictably behavior-steering, but pre-
serves the choice-set and is (at least) substantially non-controlling,
and does not significantly change the economic incentives” [12,
p- 343]. Nudges can be differentiated from changes to incentive
structures or pure mandates [129]. More specific definitions start
with a similar description but add some further requirements. For
instance, Hansen’s definition [48, p.164] includes requirements on
the underlying psychological mechanisms used and proposes that
“A nudge is any aspect of the choice architecture that alters people’s
behavior in a predictable way without (1) forbidding any options or
(2) significantly changing incentives, whether regarded in terms of
time, trouble, social sanctions, economic and so forth. (3) Nudges
are called for because of cognitive boundaries, biases, routines, and
habits in individual and social decision-making, and (4) work by
making use of those boundaries, biases, routines, and habits as
integral parts of the choice architecture.” Further definitions also
include ethical criteria in their requirements, such as transparency,
welfare, respect, or autonomy of the nudgee (e.g., [12, 50, 76, 77]).
If these criteria are not met, the change in the choice architecture
can be called a sludge or a nag instead of a nudge [128].

1.1 Digital nudging
With the proliferation of technology, the notion of digital nudg-
ing has started to appear with several definitions derived from


https://doi.org/10.1145/3491102.3517638
https://doi.org/10.1145/3491102.3517638
mailto:adrian.holzer@unine.ch
mailto:marija.djokovic@unine.ch
mailto:permissions@acm.org
mailto:valery.bezencon@unine.ch
mailto:kristoffer.bergram@unine.ch

CHI ’22, April 29-May 5, 2022, New Orleans, LA, USA

the literature on traditional physical nudges. General definitions
include adaptations of Sunstein’s definitions of nudges in the phys-
ical realm, typically specifying that the intervention is digital or
happens in a digital environment such as “the use of user-interface
design elements to guide people’s behavior in digital choice envi-
ronments” [138, p. 433]. Specific definitions start with a similar def-
inition and then list certain criteria (descriptive and/or normative)
that a digital intervention needs to meet in order to be considered
a digital nudge. For instance, Lembcke et al. 77, p.10] start their
definition of the digital nudge as “..any intended and goal-oriented
intervention element (e.g. design, information or interaction ele-
ments) in digital or blended environments attempting to influence
people’s judgment, choice, or behavior in a predictable way”, then
they further require such interventions to be made possible by, and
to make use of, certain cognitive mechanisms (e.g., biases, routine),
preserving full freedom of choice, being transparent, and increas-
ing “the private welfare of the nudged individual (pro-self) or the
social welfare in general (pro-social)”. In this paper, we opt for an
inclusive definition of digital nudge in line with [123, 138], as the
event where digital artifacts steer people in particular directions
while also allowing them to go their own way.

There are two characteristics to consider in relation to choice
architecture that differentiate digital nudging from conventional
nudging: personalization and interconnectedness. First, a combina-
tion of more personal and diverse delivery systems (mobile [69],
ambient [53], wearable [104]) and the increased capacity for data
analytics provides unprecedented capacity to (1) gather and use
real-time data (e.g., location, user demographics, user actions) in
order to (2) dynamically personalize the choice architecture of in-
dividual users. Second, the ubiquity of social media services not
only presents users with personalized choice architectures, but also
interconnects the choice architectures of one user with those of
others. That is, (1) a choice architecture of a user can contain infor-
mation from other users and (2) the actions and choices of a user
can, in turn, dynamically modify the choice architecture of other
users. This type of environment makes it very difficult to predict
the outcome of a change to the choice architecture (i.e., a nudge),
since it does not operate in a vacuum. These characteristics make
it particularly important to understand the consequences of digital
nudging design, as these might be unintended and far-reaching.

Returning to the cafeteria example: the cafeteria or any physical
environment has certain native constraints. It is very difficult to per-
sonalize the arrangement and display of foods for different guests.
Also, the choice architecture of the cafeteria is not really intercon-
nected between guests, except in a very local sense. The choices
and actions of guests will not immediately spill over into another
cafeteria and modify its arrangement and display of foods. Conven-
tional nudging is therefore mainly restricted to non-personalized
and disconnected choice architectures. This contrasts with digital
services which can unlock tremendous value for users with per-
sonalized and interconnected choice architectures. However, it is
also these two aspects that may create very unexpected externali-
ties that often accrue to users or society as a whole. This includes
far-reaching consequences such as the algorithmic influence of
democratic elections [37], the rapid spreading of fake news in on-
line environments [136], the inadvertent radicalization of online
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users [5, 102], or the tendency that a great majority of users agree
to terms and data privacy policies without ever reading them [89].

1.2 Current knowledge

While the above problems may be far outside the normal scope
of HCI designers, implementing potential solutions will inevitably
fall into the lap of the HCI community. These problems are all con-
nected to the digital choice architecture of several online services.
While none of these problems have easy solutions, more system-
atized knowledge on the topic of digital nudging can offer more
conceptual clarity to address these problems from a design perspec-
tive. Researchers have started tackling a diverse set of issues, as
digital nudging has become a hot topic in academia with a ten-fold
increase of the literature over the last five years (see Figure 1). Fur-
thermore, several well-researched review articles have emerged in
recent years to shed light on various aspects of nudging and digital
nudging, such as effectiveness [58], categorization [23], psychologi-
cal underpinning [71, 86], or analyses of their application in specific
areas (e.g., privacy/security [71], recommender systems [61]).
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Figure 1: The number of search results of the term “digital
nudg®” in seven databases between the years 2010-2020

For instance, Hummel et al. [58] conducted a quantitative review
of the relative effect sizes of nudges. In their paper, they categorize
nudges into ten different categories (default, simplification, social
reference, change effort, disclosure, warnings/graphics, precommit-
ment, reminders, elicit implementation intentions, feedback). Their
findings suggest that, based on median effects sizes, defaults seem
to be the most effective type of nudge, while commitment seems
to be the least effective. It should be noted that even though Hum-
mel et al. focused on conventional nudges, they also investigated
examples of digital nudges and observed that their effects did not
differ significantly compared to conventional nudges. This finding
can be put in perspective with the research conducted by Caraban
et al.[23]. In their study, the authors provided a review of digital
nudges and synthesized them in 23 different mechanisms, grouped
in six high-level patterns: facilitate, confront, deceive, social in-
fluence, fear, and reinforce. Even though they do not specifically
focus on empirical studies, they still provide a rich discussion of
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the evaluation results found in the literature. For instance, they
observe that most (66%) nudges evaluated were effective. They also
discuss several pitfalls of nudges (e.g., lack of educational effects,
no long-term effects, backfiring) and argue that even though per-
sonalization has been highlighted as an important aspect of digital
nudging [23, 61], it has not yet been investigated systematically
and thus presents an “untapped opportunity” [23, p. 11].

1.3 Contribution

In summary, while the interest in digital nudging has increased and
several reviews have provided valuable insights into this young
field, the landscape of digital nudges has not been fully mapped.
Previous literature has provided valuable insights into digital nudge
mechanisms. They pointed to potential positive effects of nudging,
and pitfalls, and discussed the underlying psychological mecha-
nisms. However, there are several areas of digital nudging that
warrant further systematic investigation:

(1) Previous reviews have not mapped how the literature has
investigated the specificity of digital nudges that we high-
lighted above: personalization and interconnectedness.

(2) While digital nudges are increasingly employed by researchers
and practitioners - the specific problems that they address
have not been sufficiently mapped across the literature.

(3) Digital nudges can be combined in a variety of ways, and
evaluated using different methods and user samples. These
practices have not yet been mapped out in the literature.

In this paper, we describe and synthesize empirical research con-
tributions in the digital nudging literature across HCI and other
related scientific fields. We classify these contributions across 10 es-
tablished digital nudging designs, referred to as “patterns”. We then
explore this design landscape by mapping these patterns across the
three areas that we have highlighted above. First, we explore this de-
sign landscape by mapping these patterns across two characteristics
of choice architecture, and their current delivery channels/devices.
Second, we explore the problems addressed by these nudging pat-
terns by outlining their application domains and targeted outcomes
in terms of behaviors and attitudes. Third, we investigate the eval-
uations of digital nudging solutions by mapping their evaluation
methods, sample types, and highlight whether combinations of
nudging patterns have been evaluated in the literature. Finally,
building on the unexplored patches in the digital nudging land-
scape, we contribute to the digital nudging literature by setting a
future research agenda organized around nine high-level research
questions to be investigated by the HCI-community.

2 METHODOLOGY

The methodology of this literature review will be described in
four phases based on recommendations for systematic reviews [87]:
literature search, screening filter, eligibility evaluation, and analysis
procedure.

2.1 Literature search

The goal of the literature review was to survey the landscape of
research that explicitly tackles digital nudging, as opposed to the
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broader research that can be considered as a digital nudge but is
not presented as such by the authors. To capture as many contri-
butions as possible, we included seven major databases spanning
a wide range of research fields from HCI, computer science, and
information systems to economics and psychology. The following
databases were searched: ACM Digital Library, AIS eLibrary, Dbpl,
IEEE Xplore, EBSCOHost, Scopus, and Web of Science. We identi-
fied potential papers that authors characterize as digital nudging,
using the following strings across the selected databases: “digital
nudging” OR “digital nudge” OR “digital nudges”. All databases
were accessed on 9th January 2021, yielding 638 results in total.
The PRISMA flowchart in Figure 2 is adopted and modified from
Liberati et al. [80]. Following the recommendations by vom Brocke
et al., Figure 2 also highlights the functionalities used, and the
number of identified papers from each database [19]. We filtered
the publication period for all the results in this review between
2008-2020.

2.2 Screening filter

Two of the co-authors deleted duplicate records which resulted in
a dataset containing 361 unique results. Very incomplete entries
were removed, e.g., papers lacking a title, publication year, and
publication venue. Entries with titles that were not written in the
English language were removed. As in other reviews on similar
topics - entries that were not published in a peer-reviewed confer-
ence proceeding or journal were removed as a proxy for quality
control [23, 47, 71]. This last step removed entries such as proceed-
ing adjuncts, workshops, dissertations, student consortiums, or talk
papers, leaving 289 full-text articles.

2.3 Eligibility evaluation

During the third stage of the review, the papers were distributed
among three of the co-authors to ensure that each paper had a
full-text assessment by at least two reviewers. The following two
criteria were specified to include appropriate articles for the review:
the paper had to (1) mention “digital nudge”, “digital nudges”, or
“digital nudging” in the full-text, excluding the references, and (2)
the outcomes of the digital nudge had to be observed or tested to
some context, i.e., empirically demonstrated/evaluated. Conflicting
assessments on the criteria were noted and resolved by at least two
reviewers.!. Three papers were excluded because they relied on
the same empirical studies as two other included papers. In these
cases, we included the most recent iteration of the papers in the
final analysis. Following the example of Connolly et al., a random
sub-sample of 59 articles (20 %) was assessed by an independent
reviewer and compared to one of the co-authors to gauge inter-rater
reliability [29]. All eligibility criteria between these two assessments
showed good agreement overall (Cohen’s Kappa = 0.74). Finally, 73
papers met the eligibility criteria and were included in the analysis.
Figure 2 provides an overview of the process.

2.4 Analysis procedure
To synthesize and analyze the included literature, a concept-centric

approach was used in accordance with Webster and Watson [137].

! The following papers were included though they only referenced “digital nudg*”
without explicitly mentioning it in the full text: [1, 67, 69, 73, 98, 121, 131, 132]
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Figure 2: Overview of review methodology (adapted and modified PRISMA flowchart [80])

A concept matrix was compiled in an iterative fashion while the
included papers were read by the co-authors. Primarily, two of
the co-authors coded and classified the selected articles with the
assistance of a third. When codes or classifications were difficult to
infer for a specific paper, we discussed these issues until we reached
agreement. First, highly accessible and descriptive information was
extracted, such as publication year, authors, publication venue,
number of participants, and application context. Next, we coded
detailed information about the digital nudges being investigated
in the papers along the following dimensions: type of outcome,
nudge pattern, choice architecture, delivery devices, delivery chan-
nels, study’s sample type, and evaluation methods. Depending on
the coded dimension, the unit of analysis varied between papers,
studies, and digital nudges. Indeed, one paper may contain sev-
eral studies investigating different nudge patterns, outcomes, or
different evaluation methods.

3 DIGITAL NUDGING LANDSCAPE

The analysis of the digital nudging landscape is based on a diverse
sample of 73 peer-reviewed papers. While Figure 2 shows that the
the majority of included papers are clustered in well-known publi-
cation outlets within information systems and computer science,
the whole sample of papers extends across 38 unique conference
and journal venues spanning several scientific fields. The included
papers contained 109 discrete studies in total. The number of obser-
vations in all these studies ranged from 10 to over 1 million (median
=183). Across these studies, we identified 231 separate digital nudg-
ing interventions that were demonstrated and evaluated. Table 1
provides an overview of all papers and their codes included in the
literature review.

3.1 Design of digital nudges

We analyzed the design aspect of digital nudges in the literature
from the perspective of the nudge patterns, the characteristics of the
surrounding choice architecture, and the delivery channels/devices.

3.1.1 Digital nudge patterns. To steer users in a certain direction,
different nudge patterns can be chosen. These patterns, or design
solutions to a recurring problem [38], are sometimes referred to
simply as nudges [122], nudge categories [58], or nudging mecha-
nisms [23]. We drew on previous literature [23, 58, 122] to assemble

a list of the ten main nudge patterns: social, reinforce, disclosure,
friction, feedback, default, warning, scarcity, deception, and com-
mitment. We settled on these patterns after recursively labeling and
comparing our corpus of papers with patterns in the literature. More
specifically, we derived seven patterns from the list of ten nudge pat-
terns presented by Hummel et al. [58], and Sunstein [122], grouping
together certain categories into a single pattern (e.g., change effort
and simplification into friction) because they were difficult to dif-
ferentiate during coding. To these we added three patterns derived
from Caraban et al. [23], who categorized technology-mediated
nudges specifically, and which were difficult to classify as other pat-
terns: reinforce, scarcity, and deception. Figure 3 gives an overview
of the digital nudge patterns among the analyzed papers. Below, we
provide a brief summary of each pattern with concrete examples of
its application from the literature.

Social nudges. This nudge guides the user’s behavior by pro-
viding references to how other users behave, thereby creating a
social norm [122]. In a classical example, researchers investigate
the influence of a social nudge for towel reuse in a hotel [46]. In
the hotel room, a sign tells a group of guests they can reuse their
towels if they wish to help the environment. Another group in the
social nudge condition sees a similar sign with a text mentioning
that almost 75% of guests participate in the programme[122]. The
researchers show that towel reuse is significantly increased in the
latter group [46]. In the reviewed literature, these social nudges
are often used to make it appear as if the choice architecture is
interconnected without it actually being so. To illustrate: Kretzer
and Maedche investigated how social nudges can be used in the
context of business information systems to encourage employees
to reuse reports [73]. More specifically, they evaluated if employees
would tend to reuse a report more if there was a mention next to it
indicating that someone else with similar characteristics liked the
report, e.g., “Ian, a project leader from the accounting department in
France, liked this report” They found that users were more inclined
to reuse a report if it was liked by someone from a similar rank
(inter vs director), belonging to the same department or coming
from the same location. In an online experiment, DiCosola and
Neff showed how different forms of social comparisons could nudge
users to reduce the number of calories contained in their shopping
baskets in an e-commerce scenario [32]. By conducting their study
on a sample of healthy-weight adults, out-group comparisons were
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achieved by providing calorie benchmarks for overweight adults.
Surprisingly, out-group comparisons seemed to work just as well
if not better than in-group comparisons for eliciting more healthy

choices.
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Figure 3: Number of empirically evaluated digital nudges in
the papers, across the ten patterns (unit of analysis: nudges)

Reinforcement nudges. These nudges reinforce behaviors and
choices by increasing their salience in the mind of the user [23]. This
entails practices that rely solely on persistent or frequent exposure,
or some underlying psychological mechanism such as priming,
where a stimulus is associated with a desired behavior (when asked
to complete the word “so_p”, participants previously primed with a
picture of a shower tend to say “soap”, whereas participants primed
with a picture of food, tend to say “soup” [133]), or anchoring where
potentially unrelated information influences the outcome (telling
someone Mark Twain’s birth year can influence their estimate of the
length of the Mississippi river [91, 133]). These nudging patterns
are perhaps the broadest in this literature review. As an illustration,
Dennis et al. conducted seven lab experiments to investigate how
both numeric and semantic priming could be used to sway users’
willingness to pay in e-commerce/marketing contexts [31]. In their
paper, priming meant that users were exposed to a stimulus (a
product and its price) that was meant to later affect their intention
to make certain purchases. Their experiments highlight that both
kinds of priming seem to work better in online auction settings than
in normal e-commerce shops. In the former, it is possible to sway
users to pay more for products through priming since the value of
auction products is often uncertain. Reinforcement nudges can also
be applied to problems in education. On a large sample of university
students, Brown et al. showed how a combination of reinforcement
and social nudges in a web-enabled coaching system could increase
students’ proactivity to get started on their homework [21].
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Disclosure nudges. As a nudge, disclosure entails adding informa-
tion that is accessible, clear, and relevant to the choice that the user
is about to make [122]. Product labels indicating energy efficiency
are typical examples of disclosure nudges (e.g., [8]). In the reviewed
articles, Gimpel et al. investigate how a disclosure nudge can in-
crease the ability of social media users to identify fake news [44]. In
their experiment they show participants a series of articles posted
by news providers (some truthful, some not). In the nudge condi-
tion they disclose related articles below the main article to provide
additional knowledge to users. They find that this nudge works best
if the related articles are a mix of truthful and fake news articles.
Indeed, if the related articles are only truthful, the authors find no
increase in fake news detection. Also, various kinds of disclosure
nudges can sometimes have harmful consequences. In the UI of
ridesharing platforms, Abramova demonstrated through an online
experiment how different disclosures (such as a Middle Eastern
male name in the profile of the driver) decreased West European
users’ willingness to pay for a ride [1].

Friction nudges. A behavior can be encouraged or discouraged by
removing or adding friction respectively. Sunstein [122, p. 4] refers
to this nudge as “increases in ease and convenience”, Hummel et
al. [58, p. 52] uses the label “change effort”, and Caraban et al. [23, p.
6] identified a mechanism they called “creating friction”. We have
adopted the one-word descriptor above to convey that this digital
nudge pattern can be used in two ways: by removing or by adding
friction to the user experience. Furthermore, while simplification
is sometimes thought of as its own type of nudge — we see it as a
means of removing friction for the user. Kim et al. showed in a field
experiment how a lockout task with zero to very small workloads
could limit smartphone usage [69]. Their paper demonstrated how
the simple friction of an app arbitrarily asking users to input 0-30
random numbers helped users to self-regulate their smartphone app
use over time. Friction nudges can also provide valuable solutions in
the context of policy-making. In an extensive analysis of field data,
Fox et al. evaluated digital nudges targeting the friction of accessing
healthcare in the US [40]. Online features such as receiving real-
time eligibility decisions, or opting in for presumptive eligibility had
considerable effects on enrollments over time. This was especially
true for children since these nudges remove the administrative
friction that accrues to parents.

Feedback nudges. Whereas a disclosure nudge provides informa-
tion about an upcoming choice of a user, a feedback nudge provides
information about a past or a current behavior of a user. An example
of such a pattern in the reviewed papers include a field experiment
where Hoffmann et al. applied feedback nudges to a fleet of truck
drivers [53]. They increased truck-drivers’ eco-efficient driving
behavior by using an eco-score shown on the truck’s telematics
system. Okeke et al. designed and evaluated a mobile app that de-
livered haptic feedback in the form of continuous vibration if users
exceeded their daily Facebook limits [90].

Default nudges. Defaults are perhaps the most well-known and
most effective pattern for nudging [58, 122]. The idea of a default
nudge is to design the choice architecture in such a way that the
default behavior is the desired behavior [20]. The classical example
for this nudge pattern is organ donation enrollment policy. The
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policy can dramatically increase the percentage of people consent-
ing to being donors by changing from a default set to non-donor
with a possibility to explicitly opt in, to a default set to donor with
a possibility to opt out [62]. While also investigating two specific
personality dimensions and their relationship to nudging in an
online experiment, Ingendahl et al. changed the preselection of
various product categories in an e-commerce scenario [60]. While
the measured personality dimensions showed little to no detectable
relationship to nudging, the default nudge was successful in alter-
ing product choices among users. This was especially true when
the default was combined with a social nudge. In a later section
we will look at how frequently different nudging patterns were
combined and investigated together in the literature.

Warning nudges. Different kinds of warnings and graphics as-
sist users by grabbing their attention to various risks or conse-
quences [122]. This is important because digital choice environ-
ments tend to abstract real-world outcomes for the user. In a lab
experiment designed to investigate decision inertia with financial
planning tools, Jung et al. demonstrated how warning nudges from
a robo-adviser can mitigate this problem even when controlling for
financial literacy among users [63]. Yet their study also suggested
that default nudges were more effective in this context. Another
study demonstrated how warning nudges could help protect user
privacy by raising potential unwanted data disclosure on social me-
dia [135]. To illustrate, when a user is about to post about himself
and his wife Yvette having dinner at Brotzeit despite a headache,
a warning message would point to sensitive information that the
system could gather from this post, e.g., “potential sensitive topic
found (health), potential identifier found (Yvette), potential location
found (Brotzeit)” [135, p. 4431].

Scarcity nudges. Scarcity nudges work on the assumption that
people assign more value to something that is going to be more
difficult to acquire in the future [27]. Typical examples of scarcity
nudges found online include the indication that there is “only one
room left” on hotel booking platforms [127]. Similarly, in the re-
viewed papers, Schneider et al. use a scarcity nudge to increase the
selection of a crowdfunding option by placing the indication “only
five left” next to it [111]. Their results show that there is a reversal
in preference towards the option with the scarcity nudge. Another
example is provided by Wessel et al. who examined how a scarcity
nudge in the form of sold-out early birds influenced users’ behavior
in crowdfunding campaigns [139]. Early bird reward options are
often at a discount to encourage early backers of crowdfunding
campaigns. Yet, even when they were unavailable as a choice but
still visible to the user, they nudged users to choose the comparable
but undiscounted reward options more often.

Deception nudges. This pattern uses mechanisms that covertly
affect how choice alternatives are perceived by users [23]. A typical
example of a deception nudge is adding a decoy option to the choice
architecture. A decoy option is an option that will not be selected
by the user, but that steers their choice to one specific alternative.
Schneider et al. [111] provide a good illustration of this nudge
pattern. In the context of a crowdfunding platform, they offer two
options to users: (A) pay $10 get the eBook, (B) pay $20 get the
eBook and the hardcopy of the book. In this setting, it is not easy to
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compare the option. In the end 69% of participants choose A. Add
the decoy option (C): pay $20 get the hardcopy of the book — and
the result is the reverse: 68% of participants choose B. Predictably
almost no one (1% of participants) chooses C as it is objectively
worse than B, but the fact that it allows to set B as objectively better
than one option increases its appeal.

Commitment nudges. The idea of this pattern is that when com-
mitments are elicited from the user, they will motivate the user
to behave in a way that is consistent with those previous commit-
ments [28]. In a small online experiment, Kroll et al. used commit-
ment and social nudges in a mockup UI of a smart home app to
encourage users to save more energy [74]. The researchers elicited
a commitment from users by letting them preselect from what
household devices (e.g., dishwasher, lightbulbs etc.) they wanted
to save energy. They detected no impact on energy consumption
attitudes among users when these digital nudges were used on their
own. However, a combination of commitment and social nudges
led to more energy-saving choices. In a later section we will high-
light how frequently such combinations of nudging patterns were
investigated in the literature.

3.1.2  Choice architecture characteristics. We coded each nudge
investigated in the literature based on the characteristics of their
choice architecture in terms of interconnectedness and personal-
ization.

Interconnectedness. The interconnectedness dimension has three
levels: Level 0 none, Level 1 partial, Level 2 full. Partial intercon-
nectedness is met when a study investigates how information from
other users affects user behavior in a choice architecture. Full inter-
connectedness is met when the study also investigates how actions
of one user, in turn dynamically modify the choice architecture of
other users. A rare example of a study that reaches the second level
of interconnectedness is a paper by Antinyan et al. that examines
the effect of a social nudge, which additionally includes either a
disclosure nudge or an incentive (a tax), to decrease the consump-
tion of positional goods (e.g., luxuries) compared to private goods
(e.g., necessities) [10].

The study takes the form of a game played over 30 rounds by
four interconnected participants. At every round participants can
spend a certain amount of virtual money on either private goods or
more expensive positional goods. Before making their decision they
receive information about how much the others consumed during
the previous round. As such, their choice architectures are fully in-
terconnected, as (1) they receive information about the behaviors of
others (a social nudge) and (2) their behavior, in turn, will influence
the choice architecture of others in the following round. The game
rules are set so that everyone would benefit if the consumption of
positioning goods was low, but the rules also push individuals to
consume more positional goods than the others, which results in
excessive positional goods consumption and substantial welfare
loss. In the disclosure nudge condition, participants receive infor-
mation about the negative consequences of excessive positional
consumption, whereas in the tax condition, a 25% consumption tax
is introduced after a certain level of positional goods consumption.
The results show that both interventions work well only when
the choice architecture is interconnected and all participants are
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aware of each other’s behaviors. Studies that reach the first level
of interconnectedness are more common. Indeed, studies exam-
ining social nudges do by definition integrate information from
other users in the choice architecture. Schneider et al. provide a
representative example of such studies. They used a social nudge to
encourage adoption of an electronic identification (eID) by showing
participants that 77% of previous users had opted for it too [112].
However, the behavior of the participant does not in turn spill over
to change the choice architecture and potentially the behavior of
others.

Personalization. The personalization dimension also has three
levels: Level 0 none, Level 1 partial, Level 2 full. The first level is met
when a study gathers user data (e.g., location, user demographics,
user actions) in order to infer the potential influence of the nudge
on user behavior. The second level is met when such information
is used to dynamically personalize the choice architecture of indi-
vidual users. A rare study that reaches full personalization used
the smartphone’s vibration feature as a feedback nudge for users
to spend less time in the Facebook app [90]. For one of the study’s
conditions, the trigger for this vibration was personalized, based on
users’ past daily visits and their time spent in the Facebook app. If
users in this condition reached 50% of their past daily visits or time
spent (this threshold was derived from a baseline week) then their
phone started vibrating every five seconds. As one might expect,
users in this condition spent significantly less time on Facebook.

As with interconnectedness, studies that reach the first level of
personalization are more common and a typical example can be
found in Buck et al. [22]. In a series of experiments using an out-
come measure called the app information privacy concern (AIPC),
they show how privacy attitudes of users are sensitive to various
patterns of nudges, and associated to the user’s gender or the oper-
ating system (OS) of the user’s smartphone. While examples can
be found on both interconnected and personalized choice architec-
ture, most research on digital nudging is conducted with the user’s
choice architecture being disconnected and non-personalized. This
result is shown in Figure 4 where most of the nudge patterns end
up in the bottom left quadrant.

3.1.3  Delivery channels and devices. We also investigated the de-
livery channels (visual, audio, haptic) and delivery devices (e.g.,
desktop, mobile, wearable, ambient) of nudges. Our results show
that the delivery channel for these digital nudges is almost exclu-
sively visual, that is, via a screen. The reviewed literature only
contains two exceptions, which are haptic [59, 90]. The first haptic

study examines how feedback can be provided through nerve stim-
ulations [59]. In that study, the goal was to help pedestrians with
navigation. As participants would approach a crossroad where they
needed to turn left, the system would deliver a nerve stimulation
through a wearable electrode placed on the left arm causing the arm
to move. The other example comes from the previously mentioned
study by Okeke et al., where the continuous vibration of a smart-
phone would be triggered if users exceeded their daily time limits
on Facebook [90]. As for devices, we found only two instances of
wearables [59, 117] and two instances of ambient objects [13, 53].
In addition to the wearable electrode discussed above, the other
example of a wearable device is in a paper by Sengupta et al. that
used a smartwatch to measure steps, in order to provide a feedback
nudge to hospital patients to increase their mobility [117]. The first
example of an ambient object is from Hoffmann et al. with their
connected dashboard in a truck [53]. Here, 104 truck-drivers re-
ceived feedback on their driving style to increase their eco-efficient
driving behavior [53]. The other example is a connected bottle
that overflows to give feedback to users who do not drink enough
water [13].

3.2 Digital nudge context

To code the problem contexts of digital nudges, we focused on
application domains on the one hand and desired outcomes on the
other hand.

3.2.1 Application domains. To code application domains, we relied
on categories identified in previous literature (i.e., [23, 58]) and
adapted them to offer additional granularity. The following list of
domains was established: privacy/security, e-commerce/marketing,
social media, sustainability, recommender systems, crowdfunding,
policy-making, education, innovation, work, education, health, and
miscellaneous. The heat-map in Figure 5 shows the application
domains in which each digital nudging pattern is studied. The ap-
plication domains in which digital nudges are used to influence
choices or behaviors most frequently is privacy/security. Various
papers in this context have focused on designing Uls to make pri-
vacy policies more accessible to users [15], facilitating user privacy
interactions by modifying cookie consent notices [132], or nudging
users into adopting electronic identification (eID) features [112].
However, e-commerce/marketing and various forms of sustain-
ability behaviors are also common problem contexts. Furthermore,
we found very few examples of otherwise well-known patterns of
digital nudges (e.g. friction, feedback, or warnings/graphics) being
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Figure 5: Frequency of digital nudges per pattern and appli-
cation domains (unit of analysis: nudges)

applied to any of the problem contexts in the bottom of Figure 5. A
rare example of a study targeting the infrequent context of health
came from the previously mentioned paper by Sengupta et al. where
eight hospital patients were being evaluated over 91 days [117].

3.2.2 Outcomes. To code the outcomes of the studies, we used a
more abstract level and looked at whether the objective was cen-
tered on changes in behavior or attitude. When studies investigated
both of these higher-level outcomes or incorporated other levels
such as physiological outcomes, we coded them as multi-level. The
heat-map in Figure 6 shows that digital nudges are most frequently
used to change behavioral outcomes. An example of nudges target-
ing behavioral outcomes can be found in van Oldenbeek et al. [134].
They showed how a simple feedback nudge in the form of a person-
alized email on students’ online lecture viewing progress had an
impact on the behavior of the students. In short, this simple feed-
back made the students watch more of the online course content.
An example for attitudinal outcomes can be found in Schébel et
al. [114]. With an online survey they studied Slack user preferences
towards several digital nudging patterns (defaults, social, feedback
etc.) in the context of privacy. By showing users a variety of nudging
patterns and simply asking for their most vs. least preferred option
they showed that users preferred to be nudged in the direction of
privacy by defaults and red/green warning graphics. Multi-level
outcomes are rarely examined in a single study. Note however that
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Figure 6: Frequency of digital nudges per pattern and type
of outcomes (unit of analysis: nudges)

some papers employ several studies with different objectives that
together gauge attitudinal and behavioral outcomes and are labeled
as multi-level in Table 1, see for example [41, 43, 132]. Furthermore,
since most nudges belong to studies with behavioral outcomes, we
deepened our analysis by coding the type of behavior that was tar-
geted with the nudge. Using a simplified version of Fogg’s behavior
grid [39] we coded whether digital nudges that were focused on
behavioral outcomes were used to investigate single or sustained
occurrences of behavior, and whether the objective was to instigate
a new behavior, increase/decrease a familiar behavior, or stop a
behavior from occurring. As Figure 7 illustrates, most behavioral
studies were focused on one-time outcomes aimed at increasing the
intensity of a familiar behavior or on instigating a new behavior
for the user. In other words, these studies measured the outcome of
their digital nudge once. What is far rarer is studies where the out-
comes of digital nudges are measured over a sustained period. The
previously mentioned field experiment involving the driving be-
haviors of truck drivers was conducted over a 30-week period [53],
while Kim et al. decreased app usage with their lockout task in a
3-week field experiment [69]. Another example was the combina-
tion of reinforcement and feedback nudges aimed at increasing the
physical activity of hospital patients over a 3-month period [117].
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Figure 7: Percentage of behavioral outcome studies across
targeted behavior types (unit of analysis: studies)
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3.3 Evaluation of digital nudges

To assess the types of empirical evaluations that were used in the
literature, we coded the type of method and the type of sample, and
we also assessed whether a different combinations of nudges were
investigated.

3.3.1 Evaluation methods. We grouped studies according to their
evaluation methods (e.g., online experiment, field experiment, on-
line surveys, observational field study etc.). Figure 8 reveals that the
most frequent methods for evaluating digital nudges were online
experiments. Just as in the previous section, we still only found a
few examples of digital nudges (e.g., feedback and warnings) being
demonstrated or evaluated in field settings. Furthermore, quali-
tative evaluation methods are very rare in the domain of digital
nudging. Some examples can be found in Kim etal., where they also
conducted user interviews after a field experiment [69]. Another
study elicited expert feedback [135], and Schilling et al. used both
expert feedback and focus groups as evaluation methods [110].
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Figure 8: Frequency of digital nudges per pattern and evalu-
ation method (unit of analysis: nudges)

3.3.2  Sample type. We investigated what type of sample was used
for each evaluation (e.g. online panels, university students, partner-
organizations). The heat-map in Figure 9 shows that when digi-
tal nudges were evaluated, a variety of sample types were used.
Our analysis suggests that the use of online panels is now more
common than reaching out to local university students. The most
frequently used online panels in the literature were Mturk, Prolific,
and Qualtrics. We also observe that several field studies or experi-
ments are conducted with user data from a partner-organization
(see for instance [121], [15], and [139]). Figure 9 echoes the point
that several patterns of nudges are not evaluated based on samples
from various field settings. As for sample geography, around 69%
of all studies sourced participants from either Europe or North
America. Four studies were conducted in Asia, one study might
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have been conducted on a sample from South America [94], and no
studies were explicitly sourced from the African continent. Roughly
27% of all studies did not explicitly disclose the geographical loca-
tion from which their users were sampled. Evaluation methods and
sample types also overlap in important ways. For example, online
experiments are often conducted with participants from an online
panel, and field experiments often require a partner-organization.
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Figure 9: Frequency of digital nudges per pattern and sample
type (unit of analysis: nudges)

3.3.3  Nudge combination evaluation. We assessed whether evalua-
tions covered more than one nudge and whether their interaction
effects were measured. The heat-map in Figure 10 highlights the
number of times that digital nudge patterns were evaluated together
in the same study. Depending on the design of such a study, this pro-
vides an opportunity to measure if the effect of one nudge pattern
is dependent on the presence of another (i.e., statistical interaction).
While a measurement of interacting nudge patterns depends on the
evaluation method that is being employed it should be stated that
when digital nudges are studied together, only in about a quarter
of cases are statistical interactions measured and evaluated. The
results in Figure 10 are obviously correlated to the number of times
specific nudge patterns have been investigated in the literature.
However, these results illuminate quite significant knowledge gaps
around how different combinations of nudge patterns might impact
user choices and behaviors. Good examples of studies where nudge
patterns are used together and where statistical interactions are
examined can be found in the previously mentioned papers from
Ingendahl et al. [60], Kim and Dennis [67], and Sengupta et al. [117].

3.3.4  Summary of the digital nudging landscape. Table 1 provides
an overview of the digital nudging landscape by showing the most
relevant information that was coded from the selected papers in this
review. The unit of analysis for this table is papers. For each paper,
the table presents the nudge patterns that were investigated, the
types of outcomes that were measured, the context, and the types
of evaluation that were conducted. The table indicates whether
the paper also investigated a partial or fully personalized and/or
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Figure 10: The first number is the frequency of digital nudge
patterns that were evaluated together, and the second num-
ber in brackets is the number of times statistical interactions
were measured (unit of analysis: studies)

interconnected choice architecture. Further, it highlights the in-
stances where a paper investigated particular delivery devices (i.e.,
wearable or ambient) or delivery channels (i.e., haptic). Finally, it
indicates the number of studies conducted in each paper.

4 DISCUSSION

The present paper presented a landscape of empirical research
contributions on the growing topic of digital nudging through a
systematic literature review. After an initial count of 638 papers
related to “digital nudging”, we conducted a thorough screening and
eligibility process which led to the inclusion of 73 papers that were
analyzed in detail along four dimensions: patterns of nudges, types
of outcomes, types of contexts, and types of evaluations. Overall,
the results of this review point to a highly heterogeneous research
domain. While the most common publication venues are associated
with information systems and computer science, digital nudging is
now being applied to a varied set of contexts, ranging from policy
interventions [40] to the design of hydration-encouraging water
bottles [13]. Strikingly, our results show that some common online
nudges are hardly investigated. The most prominent example is
scarcity, which is used by many service providers to nudge users to
quickly purchase a service or product (e.g. “three seats left at this
price” or “two rooms left for these dates”). Our results further show
that field experiments are relatively rare, as they represent less
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than 16% of studies. This is again surprising given the ubiquity with
which experimentation occurs online. In the industry, hundreds of
experiments are being run daily to determine the efficacy of small
visual changes in design features at various tech companies such
as LinkedIn [108], Facebook [72], and Google with their infamous
50 shades of blue experiments, where the color of advertising links
was live tested on users and reportedly led to USD 200 million a
year worth of extra clicks [52].

This points to a possible gap between the digital nudges that are
implemented in practice and the digital nudges that are actually
researched. The imbalance or lack of research on certain nudges
(e.g. deceive), types of behavior (e.g., decrease or stop), delivery
channels (e.g. haptic), or device (e.g. wearable) and the lack of cer-
tain evaluation methods (field experiments) could also show a focus
on what is convenient to measure rather than on what is relevant to
measure (i.e., implemented in practice or forward looking). Promi-
nent researchers have observed a similar phenomenon in the field
of consumer behavior and asked to avoid a too narrow framing on
most obvious or easy-to-measure behaviors (e.g., [95]). Below, we
discuss our results structured along six key topics that emerged
from our analysis. We also lay out research questions that could be
addressed to fill important knowledge gaps and open new research
avenues.

4.1 Context and culture

Previous research on digital nudges focused on three problem
contexts that take up almost half of the research effort (i.e., pri-
vacy/security, e-commerce/marketing, and social media). Research
in the other contexts is much less prominent. The original con-
ceptualization and applications of nudging by the authors of the
book “Nudge” were deeply anchored in policy-making. It is thus
surprising that only 7% of research on digital nudging is applied to
this context. A similar observation can be made about the context
of health. These disparities raise the following research question:

RQ1: Can the outcomes of a digital nudging be transposed to dif-
ferent classes of problems?

Geographic sample diversity is also lacking, as only five stud-
ies in the included papers have been conducted outside of Europe
and North America. This should be a research priority if we want
to understand whether the effects we study entail some forms of
universalism, or whether digital nudges are bounded by cultural
conditions. For instance, given that nudging has a specific polit-
ical ideology (libertarian paternalism), could the effect of digital
nudges be dependent on cultural aspects such as power distance
beliefs (accepting and expecting power inequalities, [54, 92]) or
cultural tightness (vs. looseness, [42]). More broadly, this raises the
following future research question:

RQ2: Are the effects of digital nudges moderated by cultural con-
texts?

4.2 Choice architecture externalities

The results highlight that the majority of digital nudges have been
researched in contexts that we call disconnected and non-personalized.
This means that nudges are employed in situations where choice
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architectures are independent of one another and the choice archi-
tecture is not investigated in a context where personal data from
the user is taken into account (i.e., non-personalized). While this
increases effectiveness of evaluating the impact of various nudging
patterns, it does not accurately reflect the digital sphere that users
find themselves in every day and leaves open the following research
question:

RQ3: How can the impact on users from interconnected and per-
sonalized choice architectures be better quantified and understood?

Indeed, Google’s search results, Facebook’s newsfeed, or video
recommendations from YouTube are all highly personalized and
interconnected choice environments and are likely capable of nudg-
ing users in one direction or another. In this context, several studies
have been investigating how potential positive feedback loops lead-
ing to filter bubbles can be reduced [33]. On social media timelines,
personalized nudges, which display relevant information more
prominently, lead users to interact with it more. The increased
interaction leads the algorithm to display more similar content and
so on. In the end, a so-called filter bubble is created. In some cases,
where the filter bubbles become problematic in terms of disinfor-
mation, social media platforms might use a warning nudge to break
the user out of the vicious circle [33]. Another example, for the
same purpose, is to present a feedback nudge to a user showing the
balance of opinion on their timeline to raise awareness [101]. While
this particular context has been under increased scrutiny over the
past five years owing to the fake news phenomenon, research is
still ongoing and calls for a better understanding on how platform
design and individual choices combine to influence outcomes [70].

4.3 Personalization tools

Our review shows that personalized choice architectures are a
promising research avenue, as researchers have started to investi-
gate how different personal and psychological traits influence the
effectiveness of nudges. However, the reviewed articles align with
Caraban et al’s observation that personalized nudging remains un-
derstudied [23]. This leaves open the following research question:

RQ4: How can effective personalized nudges be designed using
minimal real-time contextual data?

The trade-off between large scale data collection to design highly
personalized nudges and privacy-by-design one-size-fits-all nudg-
ing is an important aspect to consider. Technically, personalization
can be achieved at a crude and transparent level by asking users
about preferences. More advanced personalization can be achieved
by (1) understanding which user characteristics (e.g., demographic
data, psychological data) or contexts (e.g., location, current behav-
ior, or time [100]) predict the efficacy of different nudges and (2)
use adequate tools to identify when a user fits these characteristics
or finds themself in a particular context. With digital technology,
it becomes increasingly feasible to infer some of a user’s behav-
iors online (e.g., is the user reading an article? [16]) and offline
(e.g., is the user going home? [26]), but it remains a very difficult
task, which requires creative solutions for many behaviors (e.g.,
researchers have suggested detecting whether a user is smoking
by using acoustic properties of a smoking breath recorded through
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wearable devices [35]). Even contexts such as the current transporta-
tion mode of a user (e.g., car, bus, train, bike) are difficult problems,
where effective solutions require creative combinations of different
sensors (e.g., motion, sound, and vision [103]). Promising examples
of such approaches have been successfully used in similar areas of
research. For instance, in their work, Anagnostopoulou et al. used
a transportation mode detection system to personalize interven-
tions to support sustainable behaviors of a user [6]. Future research
could further take advantage of novel devices and sensors to im-
prove context and behaviour detection. This avenue of research
by definition raises questions about privacy and data tracking. It
also raises a broader ethical question. Nudging in general has been
called into question and labeled manipulative [49]. Personalized
digital nudging would go a step further, increasing their power to
influence users to choose what the designer decided. Also, this is
happening in a context where personal data is being proactively
collected about users. Thus, even if digital nudges are, by defini-
tion, letting users have the final choice, one may argue on the one
hand that artifacts that steer users in a specific direction with an
ever-increasing probability (such as could be achieved by personal-
ized digital nudges) constrain users’ autonomy and even limit their
freedom of choice. However, it could also be argued that if a nudge
is in the interest of a user (as perceived by her or him), it would
be unethical not to increase the probability of steering a user in a
certain direction [93]. These considerations lead to the following
broader question:

RQ5: What are the emergent ethical boundaries of personalized
nudging?

4.4 Pervasive delivery

In our review we found only a very few instances of nudges using
delivery systems other than visual interfaces on mobiles or desktops.
This leaves open the following research question:

RQ6: Are the effects of digital nudges moderated by the delivery
device or channel?

Typical examples of such innovative delivery channels include
wearable devices or ambient objects, and could offer interactions
through visual, haptic, audio, or olfactory cues. At this stage, it is
not clear to what extent these novel delivery channels could help de-
sign more effective nudges, even though there are some promising
avenues for some of them. For instance, the good vibration study
found that a haptic feedback nudge could reduce the time spent on
social media by up to 20% in the short term [90]. If used well they
can offer more subtle, but more visible and targeted, interactions
than mobile or desktop interventions in certain contexts. Examples
include an artistic digital screen to display electrical consumption
directly on the kitchen counter [105], a teddy bear with a connected
Raspberry Pi that tells its owner when to take their asthma medi-
cation [45], a virtual aquarium that visualizes user contributions
to a knowledge management system in a shared office [55], or a
connected smart mirror, which could not only serve as an ambient
feedback object, but also include augmented reality features [85].
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4.5 Symmetric effects

Only about half of the outcomes of the digital nudges related to
actual behaviors (vs non-behaviors, which we broadly categorized
as attitudes). This is a small proportion, given that behavior change
is inherent to the original definition of a nudge. Also, almost 90 per-
cent of behavioral studies were focused on instilling a new behavior
or increasing an existing one. Only about ten percent focused on
decreasing behaviors and not one on stopping behaviors. Inter-
ventions to decrease or stop behaviors are, however, common (for
instance in public health). Future work could restore balance:

RQ7: Is a given digital nudge as effective at stopping or decreasing
a behavior as it is at initiating or increasing a behavior?

In a similar vein, most research evaluated the effect of nudges
on one-time behavior changes. However, the long-term effects of
digital nudging are not yet well understood [23]. Simplicity can
again partially explain this narrow focus on one-time behaviors:
it requires more resources and more complex designs to monitor
and analyze long-term behavior change, while it also poses several
ethical hurdles to research. However, this longer-term perspective
is important if we want to understand real phenomena, as behaviors
online are often repeated over time. Also, in many contexts, users
are exposed to the same nudge several times.

RQ8: Is a given digital nudge as effective at changing repeated
behaviors as it is at changing one-time behaviors?

These two questions (i.e., RQ7 and RQ8) raise the issue of sym-
metry of effects of digital nudges on different outcomes. Current
knowledge cannot provide clear answers given the imbalance of
research output on the different types of outcome. Overall, future
research could focus on investigating different types of behavior
change as well as longer-term behavior change. This would more
accurately reflect the phenomena actually occurring, despite pro-
viding a more challenging problem to solve for researchers.

4.6 Combined effects

As nudging gains traction in the private and public sphere, users
become more likely to be exposed to several nudges at the same
time [107]. However, our results show that the formal study of the
interaction effect of digital nudges is not yet mature. Some nudging
practitioners have attempted to evaluate how interventions interact,
see for instance [18]. Also, a recent study showed that a combination
of defaults and social influence nudges led to a stronger impact on
compliance for the user than each nudge individually [60]. However,
the study of the potential interaction effects due to the combination
of different digital nudges is only at the beginning and still requires
further empirical investigation. For instance, in the context of social
media, are the effects of adding two types of frictions on the same
social media platform simply cumulative or does one friction feature
moderate the effect of the other? Also, more formal investigations of
the underlying mechanisms related to potential interaction effects
of nudges are yet to be made. This leaves open the following broader
research avenue:

RQ9: How do digital nudges interact and through which mecha-
nisms?

Kristoffer Bergram, Marija Djokovic, Valéry Bezencon, and Adrian Holzer

4.7 Limitations

Even though we followed the guidelines for systematic reviews care-
fully, the present paper is not without limitations. As is inherent
in a systematic literature review, its scope is limited to the search
results of the initial query and the database selection. The keywords
used for searching the databases without snowballing could po-
tentially leave out otherwise relevant results. We recognize that
there are other papers (e.g. [37, 102, 118]) that would be relevant to
the digital landscape of nudging. Yet, the mentioned papers have
not been included in this literature review as they never mention
or reference digital nudging by name. We could have aimed for
more exhaustivity by using search terms specific to nudge patterns
whose authors did not call digital nudges (e.g. online commitment).
However, for this approach, we would have needed to identify an
exhaustive list of search terms, which is hard to attain and risked
biasing our results by putting too much emphasis on one pattern
over another. Our approach is more restrictive, limiting the results
to research labeled as digital nudging, but this ensures exhaustivity
within that label, which is our objective. Since the exact definition
of what digital nudges entail remains blurry, our research describes
the landscape of what authors generally call digital nudging. Our
approach may support future efforts that seek to further converge
towards a unified definition of digital nudging, that would describe
what digital nudging entails and what it does not, as the bound-
aries are not always consistent throughout the literature. Over the
years, various definitions of nudging have grown more specific, yet
more complex — see [77] for a discussion on this topic. Since the
number of articles explicitly related to digital nudging had grown
very steeply over the last five years, we judged that it was the right
time to capture the evolution of digital nudging literature and map
it for future researchers.

5 CONCLUSION

This paper presented a systematic review of the literature on digital
nudges. We provided a detailed analysis of 73 papers, based on 109
studies containing 231 digital nudges that had been demonstrated
and evaluated by previous scholars. Our results show that while
research on the topic has been very active, there seems to be a
concentration of investigations in several specific areas of the land-
scape. For instance, almost half of the research on digital nudging
focuses on three contexts: privacy/security, e-commerce/marketing,
and social media. Furthermore, several patterns of nudges seem to
be hardly investigated, even though they seem to be widely used
online, such as scarcity nudges (e.g., only one room left), decep-
tion nudges (e.g., a decoy option), or commitment nudges. The
type of behavioral outcome is very rarely a decrease or a complete
cessation of a behavior when nudges are applied in the literature.
Moreover, while few single studies measure both attitudinal and
behavioral outcomes, more papers conduct several studies to bet-
ter triangulate outcomes. Finally, while both interconnected and
personalized choice architectures can differentiate digital from con-
ventional nudges, most of the research is conducted in what we call
disconnected and non-personalized choice environments. Based
on these observations, we laid out nine future research questions
to illuminate several unexplored patches in the digital nudging
landscape that future researchers might want to explore.
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Table 1: Digital nudge literature overview containing: Nudge pattern. Outcome. Context. Evaluation. Sample type. Personaliza-
tion: partial (%), full (¢ %). Interconnected: partial (%), full (% %). Delivery other than visual through a mobile or computer
screen (Delivery): Haptic delivery channel (Haptic), Wearable delivery device (Wearable), Ambient delivery device (Ambient)

Paper  Nudge pattern Outcome  Context ; Evaluation , Sample type 3 Personalized  Interconnected Delivery Studies
[1] Social, Disclosure Attitudinal Miscellaneous Online Exp. Online panel * 1
[2] Social Attitudinal E-comm. /Marketing Online Exp. Online panel * * 1
[3] Reinforce Attitudinal Recommender Systems  Online Exp. Online panel *k 1
[4] Reinforce, Scarcity Behavioral Crowdfunding Online Exp. Online panel * * 1
71 Social Attitudinal Social media Online Exp. Online panel * * 1
[9] Social Behavioral E-comm. /Marketing Online Exp. Other field data ok 1
[10] Disclosure Multi-level Policy-making Lab Exp. Online panel >k 1
[11] Social, Default, Feedback Behavioral Work Online Exp. Social networks 1
‘Warning, Commitment,
Disclosure
[13] Feedback Behavioral Health Field Study Uni. students Ambient 2
[14] Social, Friction, Default Behavioral Sustainability Field Exp. Social networks * % 1
[15] Friction Multi-level Privacy/Security Online Exp., Field Study Online panel, Partner-organ. 2
[17) Friction Attitudinal Innovation Lab Exp. Uni. students * 1
[21] Social, Reinforce Multi-level Education Online Exp., Field Exp. Uni. students, Online panel *k * % 2
[22] Reinforce, Warning, Attitudinal Privacy/Security In-class Exp., Online Exp. ~ Uni. students, Social networks 6
Deception
[24] Disclosure, Friction, Behavioral Crowdfunding Field Study Partner-organ. 1
Default
[25] Reinforce, Social Behavioral Policy-making Field Study Partner-organ. * 1
[30] Disclosure Attitudinal E-comm. /Marketing Online Exp. Uni. students 1
[31] Reinforce Attitudinal E-comm. /Marketing Lab Exp. Uni. students * 7
[34] Feedback Attitudinal Privacy/Security Online Survey Online panel * 1
[32] Social Behavioral Health Online Exp. Online panel * 1
[40] Friction Behavioral Policy-making Field Study Other field data * 1
[41] Feedback Multi-level Recommender Systems  Field Study, Online Survey ~ Uni. students 4
[43] Social, Reinforce Multi-level Recommender Systems  Field Exp., Online Survey Partner-organ. 3
[44] Disclosure Behavioral Social media Online Exp. Social networks 1
[51] Reinforce, Default Behavioral Sustainability Lab Exp. Uni. students * 1
[53] Feedback Behavioral Sustainability Field Exp. Partner-organ. * Ambient 1
[56] Disclosure Behavioral Social media Field Exp. Partner-organ. 1
[57] Disclosure Behavioral Sustainability Online Exp. Social networks 1
[59] Feedback Behavioral Miscellaneous Field Exp. Not disclosed Haptic, Wearable 2
[60] Social, Default Behavioral E-comm. /Marketing Online Exp. Online panel * * 2
[63] Default, Warning Behavioral E-comm. /Marketing Lab Exp. Online panel *k 1
[64] Social, Disclosure, Attitudinal Privacy/Security Online Exp. Online panel 1
Default, Warning
[65] Disclosure Attitudinal Sustainability Online Exp. Uni. students ** 1
[66] Social, Reinforce, Behavioral E-comm. /Marketing Online Exp. Not disclosed 1
Scarcity
[68] Social Multi-level Social media Online Exp. Online panel * 2
[69] Friction Multi-level Miscellaneous Field Exp., Qual. methods Uni. students ** 2
[67] Social, Disclosure Multi-level Social media Online Exp. Online panel * * 2
[73] Social Multi-level Recommender Systems ~ Lab Exp. Uni. students * * 1
[75] Friction, Warning Attitudinal Privacy/Security Online Survey Social networks * * 1
[74] Social, Commitment Attitudinal Sustainability Online Exp. Uni. students * 1
[78] Feedback Behavioral E-comm. /Marketing Lab Exp. Uni. students ** 1
[79] Reinforce Behavioral Crowdfunding Field Study Partner-organ. 1
[81] Friction, Default Behavioral E-comm. /Marketing Lab Exp. Uni. students 1
[82] Social, Disclosure, Attitudinal Sustainability Online Exp. Uni. students 1
Reinforce
[83] Friction, Default Behavioral E-comm. /Marketing Online Exp. Online panel * 1
[88] Disclosure, Default Multi-level Crowdfunding Online Exp., Field Study Online panel, Other field data * 3
[90] Feedback Behavioral Social media Online Exp. Online panel *k Haptic 1
[94] Default Attitudinal Policy-making Online Exp. Social networks 1
[96] Reinforce Behavioral Education In-class Exp. Uni. students 1
[97] Friction Behavioral Miscellaneous Online Exp. Online panel * 1
[98] Friction, Feedback, Attitudinal Health Online Survey Uni. students * 1
Warning
[99] Friction Attitudinal Social media Online Survey Uni. students, Partner-organ. * 2
[106] Feedback Behavioral Education Field Study Uni. students *k 1
[109] Social, Friction Multi-level Innovation Online Exp. Uni. students * * 1
[110] Disclosure, Feedback Attitudinal Work Qualit. methods Partner-organ. 2
[113] Disclosure Behavioral Privacy/Security Online Exp. Online panel * 1
[111] Scarcity, Deception Behavioral Crowdfunding Online Exp. Online panel 3
[112] Social, Default Behavioral Privacy/Security Online Exp. Online panel * * 1
[114] Social, Disclosure, Attitudinal Privacy/Security Online Survey Social networks 1
Feedback, Default,
Warning
[115] Friction Behavioral Privacy/Security Online Exp. Uni. students * 1
[116] Disclosure Attitudinal Sustainability Online Exp. Online panel * ok 1
[117] Reinforce, Feedback Behavioral Health Field Exp. Other field data >k Wearable 1
[120] Reinforce, Default Attitudinal Innovation Lab Exp. Uni. students 1
[119] Reinforce, Feedback, Behavioral Innovation Field Exp. Online panel * 1
Default
[121] Social, Scarcity Multi-level Social media Field Exp., Lab Exp. Online panel, Partner-organ. * % 3
[125] Default Attitudinal Sustainability Online Exp. Online panel * 1
[126] Friction, Commitment Multi-level Miscellaneous Online Exp. Partner-organ. * 1
[131] Feedback Multi-level Work Field Exp. Partner-organ. ** 1
[132] Disclosure, Friction, Multi-level Privacy/security Field Exp., Online Survey Partner-organ. 4
Default
[134] Feedback Behavioral Education Online Exp. Uni. students >k * 1
[135] Warning Attitudinal Social media Qual. methods Not disclosed >k * 1
[139] Social, Reinforce Multi-level Crowdfunding Online Exp., Field Study Online panel, Partner-organ. * * 2
Scarcity
[140] Friction Multi-level Innovation Lab Exp. Uni. students * 1

1: E-commerce / Marketing (E-comm. / Marketing)
2: Experiment (Exp.), Qualitative Methods (Qual. methods)
3: Partner-organization (Partner-organ.), University (Uni.)
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