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Abstract
Behavior Change Support Systems (BCSS) are software systems delivering transparent, non-coercive interventions
for behavior change - helping their users achieve their own long-term behavioral goals such as eating more
healthily or exercising more often. From a psychological perspective, this can be viewed as assisting users’
self-control - the ability to align behaviors with long-term goals while resisting immediate temptations and
distractions. This systematic literature review synthesizes 49 studies testing 72 digital BCSS features through
the lens of self-control theory - allowing for a direct comparison of their effectiveness based on the strategies
they use to assist self-regulatory processes. Results show that situational strategies (assistance in modifying the
choice environment) are the most promising approach while cognitive strategies (changing mental states) are
particularly effective when prompting users to make concrete action plans. Training-based strategies (building
self-control capacity) show limited generalizability beyond the concrete task being trained. Six propositions for
BCSS design and research are derived. Adopting a self-control perspective allows for the systematic comparison of
interventions across behavioral domains—from reducing screen time to improving dietary choices—and facilitates
transfer of effective design strategies.
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1. Introduction

The use of digital technology to assist individuals in changing their own behavior — such as making
healthier food choices or reducing screen time — has garnered significant interest across disciplines such
as behavioral economics, psychology, Human-Computer-Interaction (HCI), and Information Systems
(IS).

The IS field has extensively researched digital behavior change interventions through two main
lenses. First, IS adopted the concept of nudging from behavioral economics—the deliberate design of
choice architecture to steer decisions without regulations or financial incentives [1]. IS has applied
such nudges to online environments or implemented them into apps such as to steer decisions towards
healthier or more sustainable behaviors [2]. However, digital nudges have been criticized for their
paternalistic nature due to concerns about potential misuse for manipulative purposes [3].

Second, a related stream has researched Behavior Change Support Systems (BCSS) - persuasive
socio-technical information systems "designed to form, alter or reinforce attitudes, behaviors or an
act of complying without using deception, coercion or inducements." [4]. Over more than a decade of
research, the BCSS community has developed rich design frameworks - such as the Persuasive Systems
Design (PSD) model - that describes how system features such as self-monitoring, reminders, feedback,
and rewards can be used to influence behavior [5]. While persuasive strategies targeting behavior
change ("B-change" [5]) often overlap with those described in the nudging literature (i.e., behavioral
feedback from self-monitoring or reminders), BCSS are deliberately supportive and self-deployed by
definition, emphasizing "autogenous approaches in which people use information technology to change
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their own attitudes or behaviors through building upon their own motivation or goal" [5, p. 3]. Although
plenty of research has described designs and empirical evaluations especially for BCSS primary task
support features, recent reviews did not evaluate their effectiveness systematically. Beyond the BCSS
community, reviews and meta-analyses have focused on specific outcome domains (i.e., digital device
use management, see [6]), have not focused on digital interventions (i.e., [7]), or were entirely narrative
in nature (i.e., [8]). Furthermore, the BCSS community has highlighted open challenges such as an over-
concentration on specific domains (especially health), limited cross-domain generalization, and a lack
of integrative perspectives that connect persuasive features to underlying psychological mechanisms
[9, 10].

Here, building on the interdisciplinary nature of the BCSS literature [9, 10], a qualitative systematic
literature review [11] was conducted on (quasi-)experimental studies evaluating the effectiveness of
digital BCSS features. In the attempt to integrate different literature streams, this study leverages
psychological theories on self-control - the ability to align daily actions with explicit long-term goals
(i.e., eating more healthily or reducing one’s own social media consumption) while forgoing more
immediate temptations when conflicting with this goal (i.e., ingesting a tasty cake or opening Instagram)
[12]. Many BCSS target behaviors that inherently require resisting short-term impulses in favor of
long-term goals, yet existing frameworks primarily describe persuasive systems at the level of design
features or outcomes (e.g., compliance, behavior change, attitude change), rather than at the level of the
self-regulatory mechanisms they seek to support.

Hence, regarding BCSS from the perspective of self-control aims to make two contributions to
the BCSS community: First, searching for literature from the perspective of self-control theory and
using corresponding keywords provides a cross-domain overview of digitally applied BCSS - from
managing digital behaviors such as controlling online shopping and limiting digital device use to
providing support with adhering to a healthy diet or increasing physical activity. Second, the lens of self-
control theory allows insights into the psychological mechanisms behind BCSS, categorizing them into
cognitive (e.g., changing mental states), situational (e.g., reducing the need for self-control by altering
the choice environment), and training-based interventions (e.g., self-control capacity training). Rather
than grounding each intervention approach in a separate psychological theory (i.e., see discussions
of psychological theories for BCSS in [4]), the self-control perspective provides a unifying theoretical
perspective applying to a large range of BCSS intervention strategies allowing for a better understanding
of how core mechanistic features of BCSS contribute to the desired behavior change and for comparing
their effectiveness.

The review synthesizes evidence from 49 studies testing 72 distinct digital BCSS features targeting
self-control for behavior change (B-change). The intervention strategies as well as their delivery
methods (e.g., smartphone apps, web platforms) and target outcome domains (i.e., from diet to safer
driving) and their effectiveness are described to derive propositions for both, practitioners and future
research of BCSS.

2. Theoretical Background

2.1. Persuasive Systems and Behavior Change Support Systems

Persuasive systems - and Behavior Change Support Systems (BCSS) in particular - are digital inter-
ventions designed to shape users’ attitudes and behaviors through software-mediated influence [4]. A
cornerstone in this field is the Persuasive Systems Design (PSD) model developed by Oinas-Kukkonen
and colleagues, which provides a systematic framework for analyzing and building persuasive in-
terventions [4]. The PSD model enumerates 28 design principles for persuasive system content and
functionality, grouped into four categories: primary task support, dialogue support, system credibility,
and social support. This framework has become central in BCSS research, offering a methodical way to
assess persuasive features of information systems and guiding designers in incorporating elements like
goal-setting, feedback, credibility, and social interaction to effectively support behavior change [10].



2.2. The Phenomenology and Theories of Self-Control

Self-control — the ability to align everyday behavior with long-term goals despite competing short-term
temptations or distractions - is fundamental to many outcomes that BCSS seek to support - such as
helping users stick to a diet, reduce screen time, or increase physical activity.

Despite the intuitive nature of self-control, defining it scientifically has proven difficult, leading
to a wide variety of terms that describe overlapping but distinct concepts - from self-regulation to
willpower and mental effort to cognitive and executive control [13]. Furthermore, several theoretical
frameworks have been proposed to explain the mechanisms underlying self-control. One early theory
is the strength model of self-control, which compares self-control to a muscle—being depleted when
used too extensively but trainable over time [14]. Another influential framework is the dual-system
theory, which conceptualizes self-control as an interaction between two competing modes of cognitive
processing: System 1 (fast, intuitive, emotional) and System 2 (slow, deliberate, rational) [15]. In this
view, self-control is the process of overriding impulsive System 1 responses with more deliberate System
2 evaluations [16].

In this article, we adopt a broad and outcome-oriented definition provided by Duckworth et al. [12],
such that self-control is “any voluntary action intended to advance more enduringly valued goals
over momentarily more alluring alternatives” (p. 49). Moreover, this requires the subjectively effortful
activation of additional cognitive resources like attention reallocation and working memory load to
choose between competing behavioral options [17] – one typically aligned with long-term benefits
(e.g., sustainable health-benefits from exercising) and the other offering immediate gratification but less
favorable long-term consequences (e.g., avoidance of effort by staying on the couch). This definition
captures the core challenge that BCSS address—supporting users in bridging the gap between what
they may prefer in the moment and what they value in the long run.

2.3. Behavioral Interventions for Self-Control Assistance

Although self-control has traditionally been viewed as a stable personality trait predictive of health,
wealth, and academic success [18], recent research demonstrates that it can be influenced by targeted
interventions [19].

Duckworth and colleagues categorize a large set of such self-control interventions along two dimen-
sions: (1) who deploys them and (2) their mechanistic approach [7]. Other-deployed interventions are
designed by external actors (i.e., a user interface designer) to steer choices supposedly beneficial for the
target population, paralleling traditional paternalistic nudging techniques. Self-deployed interventions,
on the other hand, are adopted by users themselves and are often inherently transparent - such as
systems that assist in goal setting or progress tracking - paralleling the philosophy of BCSS [5]. Mech-
anistically, Duckworth and colleagues differentiate between cognitive and situational interventions.
Cognitive interventions aim to "change the way they [people] think, making long-term choices more
appealing or actionable and short-term temptations less so" [7, p. 108] - such as by means of goal
setting support or instructions to mentally simulate future outcomes. Situational interventions, on the
other hand, help individuals with the "deliberate change of his or her environment to create incentives,
obstructions, and affordances favoring long-term goals over short-term temptations" [7, p. 106] - such
as installing an app that blocks specific social media apps at certain times of the day.

Beyond this framework, a third approach aims to increase self-control through training - either as
a general mental capacity or by targeting underlying executive functions such as working memory,
attention, or inhibitory control. Neuroscientific studies have shown some potential for such trainings
[20, 21]. For example, Kehr and colleagues designed and evaluated "The Chocolate Machine", a physical
persuasive system device where users had to repeatedly resist a tempting chocolate reward in order
to strengthen their self-control capacity [22]. The results showed that not only the ability to resist
chocolate improved over time but that this effect also generalized to higher self-control in general,
operationalized by longer endurance in effortful tasks. However, more research is needed into the
generalizability of training individual executive functions to self-control more broadly and across



contexts [21].
In the digital realm, self-control interventions have often been researched within specific outcome

domains such as health or digital wellbeing. For example, Lyngs et al. [23] reviewed Digital Self-Control
Tools - apps or browser extensions that help users manage screen time. While these tools have been
shown to be effective in reducing digital device use [6], no comprehensive systematic review has
examined how such self-deployed digital interventions can be applied across behavioral domains.

2.4. BCSS in the light of Self-Control Theories

From Duckworth and colleagues’ taxonomy [7], BCSS can be understood as self-deployed self-control in-
terventions - voluntarily adopted by users who anticipate self-control challenges and seek technological
support to manage them. This autonomous and transparent nature is a defining characteristic of BCSS
[5] and aligns closely with Duckworth and colleagues’ notion of self-deployed strategies, distinguishing
BCSS from paternalistic nudging approaches.

Importantly, existing BCSS research already contains examples of systems corresponding to the main
mechanistic categories identified in self-control theory. Prior work in the Persuasive Systems community
has already discussed individual cognitive strategies such as goal setting [24] and situational strategies
that allow users to restructure their environments to avoid temptations [e.g., 25]. However, these
systems are rarely discussed explicitly as self-control interventions, limiting cross-domain integration
and theory-driven comparison. Furthermore, digital training-based interventions have not yet been
discussed extensively in the BCSS community.

3. Methods

3.1. Search Strategy and Inclusion Criteria

For the systematic search, the updated PRISMA guidelines [26] were followed. Four databases were
searched: AISeLibrary, ACM Library, APA PsycInfo, and Business Source Premier, covering IS, Human-
Computer Interaction (HCI), Psychology/Neuroscience, and Business/Economics literature, respectively.
Search terms targeted (1) interventions (nudg* OR boost* OR (behave* AND intervention*) OR (behav*
AND change)) that were (2) applied digitally (digit* OR “information system*” OR technolog* OR app*
OR “virtual reality” OR smartphone* OR online*) and a broad range of terms related to (3) self-control
(self-control OR self-regulat* OR self-nudg* OR “present bias” OR “future orient*” OR “goal orient*” OR
“delay of gratification” OR “delay discounting” OR impuls* OR “intertemporal choice*” OR “temporal
disctanc*” OR willpower OR conscientious* OR “cognitive effort” OR “cognitive control” OR “executive
function*” OR “executive control”). The three keyword groups were combined using “AND” and applied
to titles, abstracts, and keywords in ACM, PsycInfo, and Business Source Premier, as well as to “all fields”
in AISeLibrary. As detailed in Figure 1, after limiting results to the past 10 years, peer-reviewed, and
English-language, 3,705 records were retrieved in total. After removing duplicates, titles and abstracts
of 3,510 studies underwent a manual screening followed by full-text screening of 381 references. All
searches were conducted in September 2024.

Eligibility criteria included studies that (1) described fully automated digital behavioral interven-
tions, (2) provided formal quantitative tests of their effectiveness in human participants using (quasi-
)experimental designs, and (3) focused on real-world choice behaviors (B-Change; see Oinas-Kukkonen,
2010). Furthermore, (4) only studies testing interventions that were designed for self-application to
increase self-control and self-governed adherence towards long-term goals were included. For example,
a study testing the effectiveness of inducing a waiting period before checkout in an online store using
a browser extension tool [e.g., 27] would be included while a study using the same mechanism but
embedded in an online webstore beyond the users’ control would not.

Furthermore, studies involving clinical populations (i.e., post-stroke rehabilitation or DSM 5 criteria)
or children under 16 years old were excluded, as these populations often rely on external guidance rather
than autonomous self-control efforts. After title and abstract screening, 3,129 studies were excluded.



8079 records identified: 
PsycInfo (n = 6875)

BSP (n = 850)
ACM (n = 247)
AIS (n = 107)

4569 records removed before screening:
• 4374 by automation tools (English, peer-reviewed, since 2014)
• 195 duplicates

3510 records screened
3129 records excluded due to following reasons:
• Not a study (n = 170)
• Off-topic (n = 481)
• No human participants (n = 66)
• Not an intervention (i.e., only correlations with self-control) (n = 1518)
• No behavioral intervention (i.e., pharmacological) (n = 107)
• Intervention not digital (n = 311)
• Intervention not for self-application (i.e., digital nudge) (n = 88)
• Methods (i.e., qualitative analysis) (n = 91)
• Clinical sample (n = 253)
• No choice-related outcomes (n = 44)

381 full reports assessed for 
eligibility

332 reports excluded:
• No full text found (n = 2)
• No empirical article testing outcomes of a digital intervention for self-applying 

self-control (n = 199)
• No choice-related behavioral outcome measure (n = 36)
• Clinical or children sample (n = 67)
• No (quasi-)experimental design (n = 28)49 studies included
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Figure 1: Search and Screening Process following PRISMA guidelines [26].

Full-text screening of the remaining 381 references led to the exclusion of an additional 332 studies for
reasons such as describing non-digital interventions, non-self-applied tools (e.g., paternalistic nudging),
or lack of real-world behavioral outcomes. The final dataset included 49 studies for analysis. A detailed
summary of this screening process is shown in Figure 1.

3.2. Synthesis and Analysis

The analysis followed a qualitative systematic literature review approach (see [11]) to synthesize findings
from diverse literature with varying sample sizes and measurement techniques. Each eligible reference
was screened to identify distinct digital self-control interventions tested against either a pre-intervention
baseline or control group, allowing for assessment of their isolated effectiveness. These interventions
were categorized according to intervention type, delivery medium, target behavior, and effectiveness.

Intervention types were grouped into three pre-defined categories: cognitive, situational, or training.
Cognitive interventions, according to Duckworth and colleagues, aim to “change the way [people] think,
making long-term goals more appealing or short-term temptations less so” 7, p. 108. These include tools
for goal setting, distal feedback, planning, mindfulness practices, or making future consequences more
relatable (sub-categories derived inductively). Situational interventions assist in directly modifying
the environment where choices are made, such as blocking access to temptations or offering real-time
feedback [7, 23]. Duckworth et al.’s binary classification was extended by a third category: training
interventions. These focus on exercises to build self-control capacity or entrain automatic response
tendencies [20, 21]. Although not without conceptual overlaps, training interventions were dissociated
from cognitive interventions as they provide direct exercises to build self-control capacity or reduce
intrinsic impulsive approach tendencies towards goal-incongruent temptations [20, 21] while cognitive
interventions rather focus on inducing explicit cognitions or changing transient mental states.

Categories for delivery medium and target outcome behavior were developed iteratively during
screening. Effectiveness was categorized based on statistically significant results (p < .05). Interventions
were deemed effective if they produced consistent and statistically significant changes in at least one
relevant choice-related outcome compared to baseline or a control group. They were classified as
ineffective if no significant effect was found. Mixed results were identified if either (1) effects occurred
against baseline, but not a control condition, (2) effects were inconsistent over time points, (3) effects
only applied to subpopulations (e.g., specific age groups), or (4) effects were not replicated in follow-up
studies within the same article.



Table 1
Frequencies of tested tools across categories by intervention domain.

Interventions Training Situational Cognitive Total

Total 10 24 38 72
Intervention Delivery Medium
Web-based 5 (50%) 1 (4%) 22 (58%) 28 (39%)
Smartphone App – 11 (46%) 14 (37%) 25 (35%)
Browser Extension – 10 (42%) – 10 (14%)
Desktop-based (local) 5 (50%) – 1 (2.5%) 6 (8%)
Smart Home Tools – 2 (8%) – 2 (3%)
Virtual Reality – – 1 (2.5%) 1 (1%)
Target Behavior Domain
Digital (i.e., screen time reduction, online purchases) – 17 (71%) 2 (5%) 19 (26%)
Non-digital (i.e., diet, physical activity, eco-driving) 10 (100%) 7 (29%) 36 (95%) 53 (74%)
Effectiveness
Yes 3 (30%) 20 (83%) 20 (53%) 43 (60%)
Mixed 4 (40%) 1 (4%) 4 (10%) 9 (12%)
No 3 (30%) 3 (13%) 14 (37%) 20 (28%)

Note: Percentages describe a cell’s frequency relative to the respective column total (i.e., "Cognitive").

4. Findings from the Literature Review

In the 49 eligible studies, 72 distinct BCSS features or feature combinations were tested for improving
long-term goal pursuit. About half of all eligible studies were published in digital-focused fields (e.g.,
Digital Health, HCI, IS). The rest appeared in psychology or outcome-specific outlets such as diet or
education. As shown in Table 1, most interventions were web- or app-based, followed by browser
extensions and desktop prototypes tested locally in laboratory settings. Two interventions involved
smart home interventions, and one used virtual reality. Only 26% of the 72 interventions targeted
behaviors in digital domains, such as reducing digital media use (16%), online purchases (7%), or
improving cyber security (3%). The remaining 74% of interventions focused on non-digital behaviors,
mainly dieting or physical activity (49%) and other health-related actions (7%). Some interventions
aimed to improve self-control in academic performance (11%) or reduce risky driving (1%), or allowed
users to define their own goals (6%). 60% of all interventions successfully affected behavior, 28% had no
effect, and 12% showed mixed results.

Categorizing the 72 interventions regarding their approach to support self-control revealed that
most were cognitive interventions (53%), mainly delivered via web interfaces and smartphone apps and
primarily targeting non-digital outcome domains (i.e., diet or physical activity), followed by situational
interventions (33%) often implemented in smartphone apps and browser extensions most often focusing
on changing behaviors in digital domains (i.e., social media consumption), and training interventions
either tested via web interfaces or on desktops locally in the laboratory that exclusively focused on
improving dietary or physical activity-related outcomes in our sample of studies. Furthermore, several
intervention subtypes were inductively identified as listed in Table 2 among the three major intervention
categories. In the following, each intervention category will be evaluated separately to reveal the main
strengths and weaknesses and the necessary trade-offs when applying them.

4.1. Training Self-Control

Seven studies examined ten distinct digital interventions designed to directly enhance self-control
capacity or modify intrinsic response tendencies through neurocognitive tasks. All of them focused on
either diet-related or physical activity outcomes. Two aimed to increase domain-general self-control
capacity by repeatedly applying working memory or inhibitory control training [42, 28]. For example, in
Dassen et al. [28], the intervention group demonstrated improved working memory capacity compared



Table 2
Inductive clusters of intervention (sub-)types and their effectiveness

Interventions Examples Effective

Self-Control Training Interventions 3/10 (30%)
Domain-General 25 sessions of working memory training [28] 0/2 (0%)
Domain-Specific Go-/no-go task with stop cues paired with unhealthy foods

[29]
3/5 (60%)

Automatic Response Ten-
dencies

Approach-Avoidance Training approaching healthy and
avoiding unhealthy foods [30]

0/3 (0%)

Cognitive Interventions 20/38 (53%)
GS/FB/MC without IIs Smartphone app for physical activity goal setting and

progress tracking [31]
3/8 (38%)

GS/FB/MC with IIs Weight tracking app with daily planning, reflection, and
evaluation prompts [32]

14/21 (67%)

Mindfulness Audio-guided mindful breathing and presence focus [33] 2/4 (50%)
Making the future relat-
able

Audio guides for episodic future thinking [34] or connecting
with a virtual future self [35]

1/5 (20%)

Situational Interventions 20/24 (83%)
Block / Removal Waiting period before online shopping checkout [27] or re-

moving tempting news feeds from Facebook [36]
4/6 (67%)

Goal advancement AI-assisted diet goal reminders during eating [37] or prompts
with dismiss options during video watching [38]

7/7 (100%)

Self-Tracking Real-time basket feedback in grocery shopping [39] or eco-
driving feedback [40]

6/8 (75%)

Rewards/Punish Prompts highlighting expected monetary rewards/losses for
meeting or failing screen time goals [41]

1/1 (100%)

Combinations of the
above

The "OneSec" app induces waiting periods, provides goal
reminders, and offers dismiss options when opening a target
app [38]

2/2 (100%)

Note: GS – Goal Setting, FB – Feedback, MC – Mental Contrasting, II – Implementation Intentions

to a food education control group. However, these gains did not translate into broader improvements in
executive functions, nor did they lead to reductions in food intake or BMI.

In contrast, five interventions targeted domain-specific self-control, aiming to train individuals to
resist the temptation of high-calorie foods specifically. For instance, Veling et al. [29] implemented four
30-minute sessions of a web-based go/no-go task over four weeks. Participants had to inhibit habitual
responses when presented with images of unhealthy foods. The study found that domain-specific
inhibitory control training resulted in statistically significant reductions in body weight, outperforming
domain-general inhibitory control training. However, such effects may be short-lived and context
dependent. Allom and Mullan [42] reported that while BMI decreased immediately after the training
phase, these effects did not persist after seven days without intervention. Additionally, a second
experiment failed to replicate the initial findings.

Three other studies focused on altering implicit preferences for healthier choices using approach-
avoidance training. In these tasks, participants were shown images of healthy and unhealthy foods.
They were instructed to simulate approach responses for healthy foods and avoidance responses for
unhealthy ones [e.g., 30]. However, none of these interventions affected dietary behavior.

4.2. Cognitive Interventions

Most of the interventions identified were categorized as cognitive interventions that can be further
subdivided into three main subtypes, as shown in Table 2.

First, many digital intervention tools aim to support long-term goal pursuit by directly acting on
these goals. These tools encourage users to articulate their goals (goal setting), develop specific action



plans to achieve them (implementation intentions), anticipate potential obstacles (mental contrasting),
and provide explicit feedback or promote self-tracking of progress (feedback). In simpler versions, these
tools offer a digital platform for self-tracking or prompt users to regularly update their goal-progress logs
[e.g., 31]. Others provide automated feedback at pre-defined intervals [e.g., 43]. As summarized in Table
2, these interventions were generally ineffective when used alone across various outcome domains.
However, their effectiveness increased when combined with implementation intentions—concrete
action plans often framed as if-then statements, such as “If I open the fridge, I will think of dieting” [29,
p. 104]. When paired with implementation intentions, such interventions have been largely effective in
improving dietary choices [e.g., 32], promoting physical activity [e.g., 44], and reducing procrastination
during learning [45]. Importantly, findings from a large-scale study suggest that a single planning
session is insufficient to sustain adherence to study plans [46]. This indicates that repeated planning
may be necessary for lasting success.

Second, the evidence for digital mindfulness interventions was mixed. For instance, Mitchell et al.
[33] reported the positive effects of a mindful breathing exercise delivered through digital audio guides
on physical exercise duration. However, Friederichs et al. [47] found no evidence that an affective
state-shift exercise improved emotion regulation capacity, leading to more self-set goals being acted
upon.

Third, a set of interventions focused on making the future consequences of current behaviors more
relatable. Some utilized digital audio guides to help individuals simulate self-related future events—a
technique known as Episodic Future Thinking (EFT)—to reduce present bias in decision-making. While
EFT has shown reliable effects on tasks assessing future-oriented decision-making in laboratory settings
and holds some promise for increasing exercise behavior [e.g., 33], it has occasionally failed to generalize
to real-world outcomes [34]. Other related interventions used digital technology to visualize users’
future selves and enable interactions [e.g., 35]. However, these interventions have shown only limited
effects.

4.3. Situational Interventions

24 tested interventions from 13 studies were identified as situational, primarily published in digital
fields, with 9 articles published in the HCI literature and 2 from the IS field. Accordingly, most
interventions were designed to assist self-control in digital outcome domains, such as controlling digital
media consumption (10 interventions), reducing impulsive buying behavior online (5 interventions), or
helping adhere to cyber security protocols (2 interventions). The remaining nine interventions targeted
non-digital outcome domains, such as dietary and other health-related behaviors and risky driving.

As shown in Table 2, four sub-categories of situational interventions were identified paralleling those
reported by Lyngs et al. [23] from the digital device use domain: Block/removal, goal advancement, self-
tracking, reward/punish, or combinations thereof. Apart from their frequent applications in managing
digital device use (i.e., screen time), some block/removal tools deliberately induced waiting periods
before allowing users to proceed to checkout to reduce impulsive buying online [27]. Furthermore, one
goal advancement tool provided individually tailored goal reminders at specific time points, such as
during eating, by integrating AI [37] and Degirmenci et al. [40] allowed for self-tracking of behavior
in real-time by showing visualized feedback on the current driving style to improve eco-friendly
driving. The one study identified in the rewards/punish category provided monetary micro-incentives
to motivate keeping up with self-set screen time limits by sending reminders on the money users were
about to win or lose if keeping up with this goal or not shortly before the limit was reached [41]. Across
sub-categories, situational interventions were highly effective.

5. Discussion

This systematic literature review analyzes 49 studies that quantitatively assessed the effectiveness of 72
dissociable digital BCSS interventions aiming to promote long-term-oriented behaviors (self-control).
Digitally delivered training, cognitive, and situational interventions were identified based on previous



taxonomies of behavioral self-control interventions from non-digital contexts [7] and interventions for
reducing digital device use [23]. These were applied across various outcome domains, from curbing
impulse buying online to promoting healthy diets and physical activity and reducing procrastination
during learning and were evaluated with a varying degree of quality ranging from controlled laboratory
experiments to large-scale randomized controlled trials in naturalistic settings.

Although the analysis provided here does not take effect estimates or methodological quality assess-
ments into account, the qualitative synthesis offers valuable insights into emerging themes, design
recommendations, and areas for future research that are formulated in six propositions outlined below.
Propositions 1 through 3 hold practical design implications, while Propositions 4 through 6 reflect
methodological considerations for future research.

5.1. Propositions for BCSS Design and Practice

Empirical support for the effectiveness of situational strategies First, while most identified
studies employed cognitive interventions such as goal setting or implementation intentions, the most
promising were situational strategies—83% showed significant effects compared to 53% for cognitive and
30% for training interventions. Although this finding should be considered preliminary and descriptive
and does not account for the studies’ methodological quality and publication bias, it empirically backs
claims made by earlier non-systematic reviews on self-control in non-digital contexts, noting that
“situational self-control strategies may be as effective as they are underappreciated” [12, p. 50].

For designers of BCSS, this points towards an important insight: Rather than focusing on features
that need to repeatedly persuade individuals into acting in line with their goals, they might focus on
providing the means to restructure the environment - so that desired behaviors become easier. In BCSS
terminology, this limits the necessity to repeatedly target the direct route of persuasion (only once
when planning and installing the adaptations of the choice environment) but externalizes self-control
to the environment. For this, designers can build on the large body of IS research on digital nudges. By
transforming these nudges into self-nudges [i.e., see 48] — where participants are informed about the
benefits of a nudge and can choose to apply it to themselves for their own benefit — such interventions
have already demonstrated effectiveness in IS [e.g., 49].

However, one caveat regarding situational interventions should be noted. Like a prosthesis, these
tools likely only work while consistently applied; once removed, behavior may revert to pre-intervention
levels [see 50]. Future research should investigate how BCSS focusing on situational interventions can
also foster additional learning and habit-forming effects that enable long-term benefits even when the
system aid is removed, avoiding overreliance that might hinder individuals from developing cognitive
self-regulation skills.
P1: Digital BCSS that implement situational strategies may be particularly effective in promoting

behavior change across various domains (e.g., diet, physical activity, digital device use). However, their
long-term effectiveness may depend on the consistent application of these tools and the extent to which
they foster autonomous self-regulation skills without creating over-reliance.

Refining cognitive strategies with action planning While the effectiveness of cognitive strategies
appears mixed in this study sample, one particularly promising subgroup stands out: interventions
incorporating implementation intentions. Simple approaches such as distal feedback, goal setting, and
mental contrasting alone do not consistently improve goal pursuit. Furthermore, no consistent evidence
could be found yet supporting mindfulness- or EFT-based interventions.

However, when combined with concrete action plans, cognitive interventions become effective
across many studies [e.g., 32]. The findings reported here thus confirm suggestions made by earlier
non-systematic reviews on digital behavior change tools [e.g., 8] and suggest that assisting individuals
in progressing from vague goal representations to forming actionable and automatable plans is crucial
for goal attainment. This also empirically backs the centrality of the first PSD design principle of
"Reduction" - reducing complex behaviors into simpler tasks. Thus, the findings propose that BCSS
providing cognitive interventions should focus on action planning. This can be done by explicitly



delivering tailored plans, such as using adaptive, personalized recommendations based on current
performance [45] or prompting users to develop action plans themselves [32].

Moreover, it becomes clear that a single application of any cognitive intervention—regardless of
its specific nature—tends to not be very effective in the long run but that achieving sustained success
in long-term goals, such as studying for exams or adhering to a healthy lifestyle, requires repeated
intervention over time [46]. This also underscores the central claim made by the PSD model that
"persuasion may be considered as a process rather than as a single act" [4, p. 3].

P2: BCSS based on cognitive self-control strategies are most effective when they incorporate concrete
action plans through personalized recommendations or user-generated plans. Repeated engagement
over time is necessary for sustained success.

Rethinking self-control training: Domain-specificity may be key The evidence for digitally
delivered self-control training interventions seems relatively sparse and is particularly limited to small-
scale laboratory studies. Overall, only 3 out of 10 identified intervention studies reported a statistically
significant effect on relevant outcome measures. Domain-general training interventions such as working
memory or domain-general inhibitory control training have often been proposed to be a promising
tool for building general self-control capacity and long-term goal pursuit [51] and have occasionally
shown promise in non-digital application settings [e.g., 22]. However, the studies included here do
not support their effectiveness when delivered through digital tools. In general, the strength model
account and the metaphor of self-control as a trainable muscle have been criticized, and a meta-analysis
formulated considerable doubts on the generalizability of self-control training beyond domain- and
task-specific practice effects [52]. In line with these arguments, all training interventions that could
show a significant effect here targeted domain-specific self-control, i.e., training inhibitory control
specifically for resisting unhealthy food options [e.g., 29].

Hence, despite the widely popular notion of self-control as a general, trainable resource, designers
of such features should appreciate the possibility that there might not be a generalizable self-control
resource that can be trained across domains. Instead, developing training interventions tailored to
specific behavioral target outcomes, such as increasing inhibitory control of unhealthy foods in a
particular context, may be more effective. Emerging technologies like virtual reality (VR) could further
enhance such training by simulating real-world contexts where target behaviors occur. However, to
my knowledge, such self-control training interventions have not yet been systematically tested (i.e.,
RCTs) in outcome domains beyond the dietary context. Hence, their applicability to other areas—such
as reducing digital device use—remains to be empirically tested. The BCSS field is well-positioned to
explore this avenue in future research. This results in the third proposition:
P3: Instead of focusing on increasing a domain-general self-control capacity, digital self-control

training interventions should target specific behavioral outcomes.

5.2. Propositions for Future Research

Unequal Distribution of Intervention Strategies across Outcome Domains Overall, the sample
of studies reviewed here reveals an unequal distribution of studies testing the three intervention
categories (training, cognitive, situational) across different outcome domains.

First, while situational interventions are strongly researched in the context of inherently digital
outcome domains, such as reducing digital device use [e.g., 38], or reducing online impulse buying
behaviors [e.g., 27], only a small subset of interventions targeting non-digital behaviors used situational
approaches (7 out of 53). This is not surprising as designing situational self-control tools is relatively
straightforward in digital outcome domains (i.e., placing digitally delivered reminders when opening
Instagram) but inherently more challenging in non-digital outcome domains, such as improving diet
or physical activity. Nevertheless, some studies identified here offer valuable ideas for achieving this.
For example, Lee et al. [53] provided participants with smart home tools such as smart speakers and a
range of sensors, along with instructions on how to effectively modify at-home choice architectures.
Given their high potential, such additional effort regarding technical equipment and study design may



well pay off and future studies should set out to test such innovative situational approaches beyond
digital outcome domains.

Second, and inversely to the previous point, studies of digital outcome domains have a bias towards
such situational strategies - only 2 out of 19 studies tested cognitive and none applied training strategies.
Despite the success of situational strategies in digital domains, they might additionally benefit from
cognitive or training strategies, i.e., to offset the above-mentioned reversals to baseline after removal of
the intervention tool. These considerations drive the fourth proposition:

P4: Behavior change designers and researchers focusing on non-digital outcome behaviors (i.e., diet,
physical activity) should more strongly explore the application of situational strategies with digital tools
(i.e., self-nudges using smart home tools). In contrast, interventions targeting digital outcome behaviors
(i.e., reducing digital device use) might additionally benefit from cognitive and training strategies for
sustainable intervention success in case the intervention is removed.

Flexible research designs in testing multi-component interventions Many studies identified
tested multiple intervention components simultaneously, making it challenging to disentangle the
specific contributions of each part. While this is common and desired in applied research, it remains
crucial to isolate the individual components that are most effective. Understanding which aspects of an
intervention drive its success could lead to more targeted and efficient designs. Future research could
employ more flexible study designs, such as micro-randomized controlled trials (MRTs) [e.g., 54], to
address this challenge. MRTs offer a convenient way to evaluate multiple intervention features without
creating additional subject groups for each variation of the intervention [55]. This approach could help
optimize multi-component interventions by systematically testing and refining individual elements.
These perspectives lead to the following proposition:

P5: Future studies should adopt flexible research designs like micro-randomized controlled trials
(MRTs) to improve the understanding and effectiveness of multi-component interventions.

Studies usually do not directly estimate their interventions’ real-world adoption Although
all studies reviewed here evaluated tools intended for self-application (i.e., self-tracking apps or browser
extensions), not all research designs aligned with this principle. For most cognitive interventions,
transparency was inherent (e.g., goal setting, implementation intentions), but situational interventions
often lacked this feature. For example, Han et al. [27] tested a range of interventions designed to reduce
impulse buying online. Despite implementing them in a browser extension that users would need to
actively install themselves when put into practice, participants in their study context were randomly
assigned to the intervention groups without disclosure of the interventions’ nature or purpose and
without an explicit opt-in choice. This raises doubts about whether the results truly allow for inferences
on their real-world adoption and effectiveness. A similar pattern was observed in training interventions,
where their concrete purpose and mechanisms were mainly not disclosed, and voluntary uptake was
not assessed.

This reflects a common trade-off: while random assignment and limited disclosure prioritize internal
validity and causal inference, they may not predict effectiveness when users must opt in voluntarily.
Some studies offer promising strategies. For example, Michels et al. [49] allowed participants to opt
into a self-nudge in online groceries after being informed about its purpose - more closely mirroring
real-world conditions.

Beyond the study sample reviewed here, in a recent preprint Stock et al. [56] proposed an even more
refined design combining an initial randomization with voluntary opt-in before a second randomization
determined actual exposure. Integrating such estimates of voluntary adoption early on may help
alleviate concerns about the predictiveness of experimental findings for real-world effectiveness.

P6: Future research should systematically evaluate the adoption, sustained use, and effectiveness of
self-control interventions by integrating designs that combine randomization with voluntary uptake
and transparent disclosure, thereby more accurately reflecting real-world conditions.



5.3. Mapping self-control interventions to PSD design principles

While several established PSD design principles [4] - particularly from Primary Task Support (e.g.,
reduction, self-monitoring, tunneling) and Dialogue Support (e.g., reminders, rewards) categories -
are reflected in situational and cognitive self-control interventions, there are two notable gaps worth
highlighting for the BCSS community.

First, training interventions map narrowly onto the PSD framework, primarily corresponding to
rehearsal. However, PSD conceptualizes rehearsal as behavioral practice rather than neurocognitive
capacity building, suggesting training-based approaches fall partially outside the model’s scope—an
opportunity for BCSS research to integrate cognitive training insights. Second, two PSD categories
remain largely unaddressed in the self-control intervention literature reviewed here: System Credibility
Support and Social Support. Here, self-control research could benefit from adopting guidance offered by
the PSD model such as regarding social support mechanisms (i.e., social comparison or normative influ-
ence). For example, BCSS could advise users to actively engineer their social environment, leveraging
social norms as a form of self-nudge to support their goals (e.g., joining accountability groups, publicly
committing to behavior change, or surrounding oneself with peers who model desired behaviors).

5.4. Limitations

Some limitations should be acknowledged, which affect the generalizability of the findings reported here
and point to important directions for future research. First, despite broad search terms, relevant studies
using alternative terminology may have been missed. The findings should be interpreted as an idea-
sparking snapshot rather than a comprehensive overview. Second, studies focusing on interventions
aimed at children and clinical populations were excluded, limiting the scope of the findings to healthy
adult samples. It is well-established that self-control can vary substantially across different age groups
and between healthy individuals and those with clinical conditions such as attention-deficit hyperactivity
disorder (ADHD), obsessive-compulsive disorder (OCD), or substance use disorders [13]. For instance,
while self-control aids may be beneficial for individuals with substance use disorders, for others—such
as those with OCD—excessive exertion of self-control can be part of their pathology and might thus
be counterproductive [57]. This suggests that increasing self-control may not always be desirable
or appropriate and should be carefully tailored to the needs of specific populations. Future research
should investigate how digital self-control interventions need to be adapted for different age groups
and clinical conditions. Third, the categorization into cognitive, situational, and training tools has
inherent limitations. For example, feedback features were categorized as cognitive interventions when
applied more distally from actual decision-making moments. In contrast, similar interventions were
categorized as situational when offering information directly during a choice situation (e.g., real-time
feedback on driving behavior [40]). However, this distinction is not always clear-cut. In some cases, the
categorization may depend more on how users interact with the tool over time rather than on the tool’s
design alone. Fourth, all screening and data extraction was conducted by a single reviewer, which may
introduce selection bias and limits the reproducibility of the screening decisions. Lastly, the classification
of effectiveness relied solely on statistical significance (p < .05) without formal assessment of effect
sizes, study quality (i.e., small in-lab studies vs. large-scale field studies), risk of bias, or publication
bias [26]. Consequently, all included studies were treated with equal evidential weight regardless of
their methodological rigor. The reported effectiveness rates hence need to be interpreted as descriptive
summaries rather than effect estimates and the following propositions (propositions 1-3) should be
verified with more rigorous meta-analytic approaches in future research.

6. Conclusion

This review synthesized evidence from 49 studies testing 72 digital self-control tools, developing six
propositions for practice and research. Propositions 1 to 3 are particularly relevant for practitioners
and BCSS designers. They emphasize the promise of situational strategies (P1) and the strong evidence



for the effectiveness of implementation intentions (P2), and suggest the importance of aligning training
and target behavior contexts when designing self-control trainings (P3). These findings underscore
arguments from previous narrative theoretical work [12, 8] with more systematic evidence. Propositions
4 to 6 especially hold suggestions for future research directions. They call for applying situational
strategies beyond digital outcome domains (P4), employing flexible, innovative research designs like
micro-randomized controlled trials to disentangle multi-component interventions (P5), and enriching
gold standard RCT designs with features allowing a first assessment of whether self-applied digital
interventions might actually be adopted and used in real-world settings (P6). These points highlight
important methodological opportunities for the BCSS field to advance the development and evaluation
of self-deployed BCSS. Lastly, the findings reported here demonstrate several overlaps between inter-
ventions built on self-control theories directly and those designed from BCSS frameworks. However,
they also show some gaps on both sides: an under-representation of social support tools in self-control
research and an opportunity for integrating ideas around self-control training interventions in BCSS
research. Overall, this review provides BCSS researchers and practitioners with a comprehensive and
structured overview of current digital BCSS from a self-control theory perspective, facilitating the
transfer of effective design ideas across different behavioral domains.
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