
20th	International	Conference	on	Wirtschaftsinformatik,	
September	2025,	Münster,	Germany	

The App, the Habit, and the Change: Digital Tools for 
Multidomain Behavior Change 

Research Paper 

Felix Reinsch1, Maren Kählig1, Maria Neubauer1, Jeannette Stark1, Hannes Schlieter1 

1 TUD Dresden University of Technology, Research Group Digital Health 
{felix.reinsch, maren.kaehlig. maria.neubauer, jeannette.stark, hannes.schlieter}@tu-dresden.de 

Abstract. Habits can trigger a ripple effect, driving positive changes across mul-
tiple lifestyle domains. Therefore, exploring how digital habit apps integrate and 
leverage these interconnected behaviors is essential, yet current research on this 
integration remains unclear. This study analyzes 585 behavior recommendations 
from 36 contemporary habit apps, classifying them into 20 meta-behaviors. Find-
ings show significant variation, with apps averaging 45 suggested behaviors 
spanning roughly 13 meta-behaviors. Physical exercise is most prominently rep-
resented and interconnected, frequently paired with Nutrition and Leisure Activ-
ities. Apps supporting more lifestyle domains generally offer advanced habit-for-
mation functionalities. However, user ratings suggest that functional diversity 
alone does not guarantee satisfaction. This paper provides users and developers 
with insights into selecting and designing effective habit apps, emphasizing the 
potential of interconnected behaviors to foster comprehensive and sustained life-
style improvements. 
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1 Introduction 

A major portion of our daily activities is driven by habits, with approximately 43 % of 
everyday behavior falling into this category (Wood et al., 2002). Habits are automatic 
behaviors that develop through repetition in stable contexts and, once established, re-
quire minimal cognitive effort for execution (Lally and Gardner, 2013; Verplanken, 
2018; Wood and Neal, 2007). A key characteristic of habits is the link of a specific 
behavior to a recurring context (Wood and Rünger, 2016), leading to automatic execu-
tion whenever the context occurs. For example, brushing one's teeth (behavior) before 
going to bed (context) can typically be described as a habit, as the bedtime routine 
consistently triggers the action without requiring conscious decision-making.  

However, forming habits where behavior occurs automatically is challenging for two 
reasons (Stark et al., 2023). First, individuals often need an initial push to take action 
and select a behavior they want to turn into a habit (Fogg, 2009, 2020). Second, habit 
formation requires consistent repetition over an extended period until the behavior be-
comes ingrained in the chosen context, necessitating considerable perseverance (Lally 



et al., 2010). Habit-focused lifestyle applications (hereafter called habit apps) provide 
structured, consistent, and personalized support to address these challenges. They offer 
features such as timely reminders, progress tracking, motivational feedback, and vari-
ous behaviors to choose from for forming a habit. These features help users (a) select a 
behavior and (b) repeatedly reinforce it within the chosen context. By facilitating this 
process, habit apps support the transition from intention to sustained behavior change 
(Stawarz et al., 2015; Stojanovic et al., 2020; Zhu et al., 2024). In the research field of 
information systems (IS), habit apps are conceptualized as digital infrastructures that 
enable repeated system use and contribute to the formation of stable behavioral routines 
(Limayem et al., 2007). 

Many of these apps have entered the market in recent years, reflecting increasing 
interest in their potential to promote positive lifestyle changes (Appfigures, 2020). 
Driven by this rise in availability, prior research has explored how these apps utilize 
specific habit-formation techniques, such as personalization, habit stacking (linking 
new habits to established behaviors), and reminder strategies (Stark et al., 2023). Fur-
thermore, prior research indicates that the effectiveness of these techniques varies 
across habit formation stages, emphasizing the importance of aligning app features with 
users’ progress (Reinsch et al., 2025; Singh et al., 2024; Stark et al., 2023).  

In addition to these targeted functionalities investigated in prior research, many habit 
apps offer predefined behaviors categorized into lifestyle domains such as fitness, nu-
trition, and sleep. In some apps, these predefined behaviors are actively recommended 
to users based on selected goals (e.g., weight loss) or lifestyle domains they want to 
tackle (e.g., physical exercise, sleep), as seen in apps like (Strides (2025)) and 
(HabitMinder (2025)). Actively recommending behaviors inspires users to a new habit 
and, more importantly, nudges them into taking action. This approach has already been 
associated with increased habit strength, particularly when users can choose the behav-
ior they want to adopt for themselves (Singh et al., 2024; Thaler and Sunstein, 2008).  

Beyond facilitating habit formation, behavior recommendation in habit apps also has 
the potential to support broader lifestyle changes across multiple domains, a phenome-
non that aligns with the key-habit theory. Key-habit theory suggests that adopting pos-
itive habits in one area can trigger beneficial changes in related areas (Duhigg, 2012). 
For example, increasing physical activity has been associated with better sleep quality, 
while improvements in mental health have been shown to enhance physical health and 
vice versa (Chahine et al., 2022; Fleig et al., 2014; Prince et al., 2007). From the per-
spective of key-habit theory, habit apps may foster synergies between different habit 
areas by strategically recommending behaviors that create a reinforcing feedback loop, 
where positive changes in one behavior amplify beneficial outcomes in related lifestyle 
areas. However, little is known about whether and how current habit apps actually im-
plement interconnected recommendations. Empirically analyzing these patterns can 
deepen our understanding of how digital tools translate behavioral theory into design, 
and how they might leverage cross-domain effects to support more holistic and sus-
tained behavior change. To address this gap, this paper seeks to answer the following 
research question (RQ): 
 



RQ: Which behaviors do habit apps recommend to users, and what patterns of inter-
connectedness emerge among them? 
 
We conducted a content analysis of 36 contemporary habit apps to answer this question, 
documenting each recommended behavior, resulting in 585 distinct instances. Our 
study highlights a strong emphasis on Physical Exercise (measured in the amount of 
provided habits in the apps), which appears nearly twice as frequently as the next most 
represented domain, Nutrition. Furthermore, we identified areas extensively connected 
to multiple other domains, which may serve as structural anchors for broader lifestyle 
routines. This paper translates these patterns into theory-informed reflections, offering 
users guidance in selecting habit apps with multidomain coverage and providing devel-
opers with design-oriented recommendations based on observed behavior combina-
tions.  

2 Theoretical Background 

A habit is a learned behavior that, through repetition, becomes an automatic response 
triggered by a specific context, which is associated with that behavior, such as doing a 
morning exercise (behavior) after getting up (context). The link between behavior and 
context is reinforced when the behavior is consistently executed in the context, and the 
habit strengthens (Lally and Gardner, 2013; Verplanken, 2018). Unlike intentional ac-
tions, strong habits require minimal cognitive effort and occur automatically, even 
when motivation fluctuates (Bargh, 1994). This automaticity, driven by the strong men-
tal link between context and behavior, holds enormous potential for lasting behavior 
change (Rippe, 2018). For example, regular daily exercise within a stable morning rou-
tine can culminate in attaining specific health outcomes, such as improved fitness or 
achieving a desired physique. Thus, context provides stability and consistent cues, be-
havior represents the targeted action, and the outcomes signify the achievement of 
broader motivational objectives. 

 

 
Figure 1. Four Stages of Habit Formation 

Habit formation has been categorized into four stages: Intention, Action, Repetition, 
and Automaticity, as shown in Figure 1 (Gardner et al., 2011; Lally et al., 2010; Lally 
and Gardner, 2013). The Intention stage marks the beginning of the process, where an 
individual decides to adopt a new behavior, often motivated by broader health goals or 
external influences. The Action stage involves the initial execution of the chosen be-
havior, demanding substantial cognitive effort as no prior mental association between 
context and behavior exists. Cognitive effort declines during the Repetition stage, as 
consistent execution strengthens the mental connection. This stage is a critical turning 
point, as automaticity gradually develops, solidifying the behavior. Eventually, when 



the habit becomes thoroughly ingrained, it reaches the Automaticity stage, character-
ized by effortless, automatic execution. The Intention and Action stages are particularly 
critical due to the high cognitive demands involved, making new habits susceptible to 
motivational fluctuations. Therefore, ensuring an optimal fit between the individual and 
the intended habit facilitates quicker and more sustainable habit formation (Wyatt, 
2024). 

Habit apps increasingly support users in the initial phases of habit formation, often 
by suggesting specific behaviors to adopt. Many apps categorize their recommendation 
into lifestyle domains such as physical exercise, mental health, and nutrition. Others 
tailor suggestions to particular goals, for example, recommending a short walk after 
meals for weight loss or avoiding digital devices before bedtime for improved sleep 
(Reinsch et al., 2024). Beyond initiating action, suggesting the proper habits can drive 
behavioral changes across lifestyle domains (Duhigg, 2012; Thaler and Sunstein, 
2008), creating a reinforcing improvement cycle (Prince et al., 2007). Health-promot-
ing behaviors are closely interrelated and can catalyze broader lifestyle changes 
(Duhigg, 2012). For instance, physical activity has been shown to enhance cognitive 
control and facilitate healthier dietary choices (Fleig et al., 2014). Table 1 highlights 
positive associations between different lifestyle domains. 

Table 1. Interconnected Behavioral Domains 

Primary 
Domain 

Reinforcing 
Domain 

Positive Effects Source 

Physical 
Activity 

Healthy  
Nutrition 

Increased self-control, greater mo-
tivation for dietary improvements, 
weight lost, obesity prevention 

(Fleig et al., 2014; 
Leme et al., 2020; 
Silva et al., 2024)  

Physical 
Activity 

Sleep Quality Improved hormonal balance, regu-
lated circadian rhythm 

(Castelli et al., 2022) 

Healthy 
Nutrition 

Mental Health Reduced risk of depression, im-
proved cognitive function 

(Ventriglio et al., 
2020) 

Morning 
Activity 

Sleep Quality Improved sleep hygiene, reduced 
sleep onset latency 

(Chahine et al., 2022) 

Sleep  
Quality 

Mental Health Improved cognitive function, re-
duced depression risk 

(Castelli et al., 2022) 

Physical 
Activity 

Reducing  
Sedentary  
Behavior 

Less sitting time leads to increased 
overall activity 

(Martín-Martín et al., 
2021) 

 
Integrating structured behavior combinations within digital habit-tracking apps could 
enhance long-term habit formation and user retention. However, the extent to which 
habit apps recommend habits across interconnected domains remains largely unex-
plored. This paper investigates these connections by analyzing behaviors and domains 
promoted by habit apps and assessing potential synergies that could enhance habit for-
mation. Empirical insights into such design patterns can contribute to theoretical un-



derstanding of how cross-domain behavior change processes are operationalized in dig-
ital interventions. Moreover, examining whether and how current apps align with prin-
ciples of key-habit theory can inform the development of more effective, theory-driven 
behavior change tools. 
Building on these psychological insights, habits from an information systems (IS) per-
spective are fundamentally conceptualized as a form of implementation and automatic 
(digital) system use that evolves into stable use over time through repeated interaction 
(Limayem et al., 2007). This view shows that habitual behavior integrates into IS con-
tinuity models, emphasizing that persistent use often bypasses conscious intention. Fi-
nally, in this topic area, shows how the temporal dynamics of system use first take shape 
as intention, which initially drives short-term engagement, but habits sustain long-term 
use (Lee, 2014). This distinction is particularly relevant for habitual apps that are de-
signed to support user behavior over longer periods of time. Complementing this be-
havioral perspective, introduce the concept of digital nudging, which understands the 
design of user interfaces as a form of digital decision architecture that can guide deci-
sions and behavior (Weinmann et al., 2016). Habit apps use such nudging to encourage 
habit formation. This development in IS research shows how habit research is anchored 
in IS theory and positions habit apps as digital infrastructures for behavior change that 
combine psychological mechanisms with IS design principles. 
 

3 Method 

We employed a content analysis approach (Krippendorff, 2018) to (a) examine the be-
haviors contemporary habit apps recommend to users, such as physical exercise, nutri-
tion, and personal hygiene. Furthermore, the approach was used to (b) examine func-
tionalities of habit apps that help implement and strengthen habits. While the function-
alities were investigated and published in (Stark et al., 2023), this paper focuses on the 
behaviors facilitated and recommended by the apps.   

We collected the sample using an API-based approach via a custom Python script 
(Catozzi et al., 2020; Richter et al., 2021). As the Google Play Store did not support 
API-based data collection at the time of analysis in 2023, we restricted our sample to 
apps available on the German Apple App Store for iOS devices. Using the search terms 
Habit, Habit Tracking, Habit Tracker, Pattern Tracker, Pattern Tracking, Streak 
Tracker, and Streak Tracking, we initially identified 320 apps. After removing dupli-
cates, 149 apps remained. To refine the sample and ensure relevance, we excluded all 
apps with either a mean user review score of zero or a mean number of user ratings of 
zero, reducing the dataset to 120 apps. 
We aimed to focus exclusively on general habit apps rather than targeting a specific 
habit or outcome. Accordingly, we manually reviewed the 120 apps and excluded those 
primarily serving a single habit. Apps with a narrow, specialized focus, such as those 
offering only meal plans or workout guides without broader habit formation features, 
were removed. Digital well-being apps designed solely to limit device functionality 
were also excluded. After this filtering process, 64 apps remained eligible for review 



and testing. However, three additional apps were removed due to technical issues or 
bugs, and four were excluded as they required payment without offering a free trial or 
testing phase, resulting in a final sample of 57 apps. These 57 apps were the sample for 
our previous analysis published in (Stark et al., 2023) and, to ensure continuity, are also 
used as the foundation for the present study, allowing us to integrate our findings with 
prior research. Although we build on the app sample previously analyzed in Stark et al. 
(2023), this study focuses on a different aspect of habit app design: the analysis of be-
havior recommendations and their distribution across lifestyle domains. 

Among these 57 habit-tracking apps, 21 provided no behavior suggestions to users. 
In these cases, users were required to manually enter a behavior to form the habit with-
out receiving any feedback or guidance. As these apps did not align with our research 
focus, they were excluded from the analysis, leaving a final sample of 36 apps for this 
analysis. To ensure consistency in coding and classification, we employed inductive 
consensus coding and a split coding approach (O’Connor and Joffe, 2020; Richards and 
Hemphill, 2018) while also managing time and resource constraints. All coders down-
loaded and evaluated the first 20 apps to establish a shared analytical framework—the 
research team agreed on classifying each uniquely suggested behavior separately. For 
example, if one app suggested “Do 10 minutes of physical exercise” and another sug-
gested “Do 15 minutes of physical exercise”, these were recorded as distinct instances 
rather than being merged into a single category. Once a common methodology was 
established, the remaining apps were analyzed, with each app independently by one 
coder, who systematically documented the habits suggested by each app. This process 
resulted in a total of 585 instances. Following data collection and initial coding, the 
research team conducted a two-step categorization process to classify the behavior 
based on the individual instances (O’Connor and Joffe, 2020): 

 
• Initial Categorization: 300 behaviors were extracted from the 585 instances. 

For instance, the behavior Physical Morning Exercise was extracted from the 
instances“Do 10 minutes of physical exercise after waking up” and “Do 15 
minutes of physical exercise after waking up”.  

• Final Aggregation: In a second iteration, meta-behaviors were formed by com-
bining the initial categorization into 20 meta-behaviors. Continuing the exam-
ple, behaviors categorized as Physical Morning Exercise were further consol-
idated with other similar behaviors into the overarching Physical Exercise 
meta-behavior. 

 
Any ambiguities during the classification process were resolved through team discus-
sions, ensuring consistency in definitions and interpretations.  
Preliminary descriptive statistics were performed in Microsoft Excel. Subsequently, 
advanced analyses were executed in Python. Specifically, the scikit-learn library was 
employed for machine learning tasks, and plotly was used for data visualization.  
 



4 Results 

The 585 initially found instances of behavior suggestions have been categorized into 
the 20 meta-behaviors, as shown in Table 2.  

Table 2. Number of behaviors per meta-behavior 

Meta-Behavior Behaviors 
 

Meta-Behavior Behaviors 

Medicine 1 
 

Relaxation 20 
Routine 2 

 
Learning 21 

Sex 2 
 

Finance 28 
Weight 6 

 
Mental Health 32 

Screen time control 8 
 

Home Maintenance 36 
Behavior Control 9 

 
Social Interactions 43 

Spirituality 10 
 

Leisure Activities 55 
Substance Control 14 

 
Productivity 65 

Sleep 18 
 

Nutrition 77 
Hygiene 20 

 
Physical Exercise 118 

 
To understand the distribution and interconnectedness of behaviors in habit apps, we 

analyzed the frequency of suggested behaviors and their classification into broader life-
style categories, as seen in Figure 2. This figure provides an overview of the distribution 
of behaviors across 20 lifestyle domains — hereafter referred to as meta-behaviors — 
and the number of apps that included at least one suggested behavior from each meta-
behavior category. A meta-behavior represents a broad category encompassing multi-
ple related behaviors. We coded behaviors into 20 meta-behaviors, mainly addressing 
health- and well-being-related goals.  

Our analysis reveals that habit apps do not distribute suggested behaviors evenly 
across meta-behaviors. On average, a typical habit app provided users with 45 sug-
gested behaviors spanning 12.58 meta-behaviors. The highest number of supported 
meta-behaviors in a single app was 19, covering nearly all identified meta-behaviors, 
while the lowest was 2. Thus, no habit app supported all meta-behaviors, and no app 
was limited to just one meta-behavior. While Physical Exercise emerged as the most 
frequently represented meta-behavior, appearing in at least one habit suggestion across 
35 of the 36 reviewed apps, a closer examination of individual habit instances revealed 
a more nuanced distribution. Specifically, the total count of suggested habits catego-
rized under Physical Exercise (n = 369) was more than twice as high as that of the 
second most prevalent meta-behavior, Nutrition (n = 168). This substantial discrepancy 
underscores the prioritization of Physical Exercise within habit apps and highlights it 
as the most differentiated meta-behavior, characterized by a notably more extensive 
variety of suggested habit instances. However, some outlier behaviors, such as Home 
Maintenance (household chores) and Hygiene (personal grooming), stand out. These 
less common meta-behaviors indicate that certain habit apps focus on specific, non-
health-related behaviors. 



 

 

Figure 2. Distribution of Sub-Meta-behavior Counts per Habit App and Number of 
Habit Apps by Meta-behavior 

Figure 3 represents a Jaccard heatmap, providing an overview of the relationships be-
tween meta-behaviors in habit apps. The Jaccard Index quantifies the similarity be-
tween pairs of meta-behaviors, with higher values indicating stronger overlaps in their 
co-occurrence across habit apps. This heatmap allows the identification of patterns and 
interconnections, offering a more nuanced understanding of how habit apps promote 
holistic behavior change. Our results reveal several notable relationships among the 
meta-behaviors. Physical Exercise emerges as a central anchor for behavior change, 
with strong associations with Nutrition (0.86), Leisure Activities (0.91), and Sleep 
(0.80). While this may suggest a central position with current app design, it does not 
imply causality of effectiveness in promoting behavior change across domains. None-
theless, the consistent integration of physical activity across multiple behavioral con-
texts could be seen as a practical starting point for designing habit-based interventions, 
particularly when aligned with theoretical considerations such as key-habit theory, 
where adopting one habit triggers a reinforcing cycle of improvements across various 
aspects of daily life (Duhigg, 2012; Fleig et al., 2015).  



 
Figure 3. Jaccard Heatmap  

However, certain meta-behaviors, such as Sex (average overlap ~0.03), exhibit lim-
ited integration with other behaviors. This may reflect their underrepresentation in habit 
app design or their individualized nature. Similarly, Medicine and Screen Time Control 
show weaker connections, suggesting that these areas are often treated as isolated do-
mains. Interestingly, Weight, often linked to Physical Exercise and Nutrition in tradi-
tional health promotion strategies (Reinsch et al., 2024), shows only moderate associa-
tions (0.43 and 0.47, respectively). This counterintuitive finding may indicate that 
weight management is siloed as a specific goal in habit apps rather than embedded 
within broader lifestyle behaviors. Lastly, the heatmap highlights the interconnected 
nature of holistic behaviors, such as Mental Health, Sleep, and Social Interactions, as 
well as the inclusion of domains like Finance and Spirituality. These patterns suggest 
that habit apps are increasingly designed to promote comprehensive lifestyle improve-
ments, leveraging the synergies between behaviors to encourage cascading habit for-
mation. Furthermore, we combined our findings with previous research focusing on 
habit app functionalities (Stark et al., 2023). Our analysis examined the relationship 
between the number of suggested behaviors and integrated functionalities. Results 
show a significant correlation (Pearson’s r = 0.47, p = 0.004), indicating that apps with 
more functionalities also cover a broader range of lifestyle domains. We applied a PCA-
based K-Means clustering approach to explore the relationship between the functional-
ities, the number of suggested behaviors, and their ratings on the App Store (in terms 
of number and average score), as shown in Figure 4. We identified the optimal number 
of clusters by finding the point where the rate of decrease in inertia sharply diminishes, 
which was k=3. This approach offered a different analytical perspective, revealing that 
the user rating variable strongly influences PCA component 2. This result indicates that 
user ratings, reflecting subjective satisfaction, play an essential role in differentiation. 



It also suggests that many functionalities or suggested behaviors alone do not neces-
sarily ensure that a habit app is satisfactory to users, as evidenced by similar apps on 
the horizontal axis but widely dispersed on the vertical one. 

 

 

Figure 4. PCA K-Means Clustering 

5 Discussion 

A central finding of this study is that, on average, habit apps include behaviors from 
over twelve distinct lifestyle domains (12.58 meta-behaviors per app). While no app 
covers all 20 meta-behaviors, some come close, with the broadest app including 19. 
This scope suggests that app designers increasingly adopt a multidomain approach, po-
tentially supporting the development of interconnected habits. Additionally, apps sug-
gest an average of 45 behaviors, indicating a broad and diverse selection, even though 
most still specialize in certain areas. From the perspective of key-habit theory (Duhigg, 
2012), this practical implementation aligns with the idea that changes in one domain 
may reinforce changes in others. The observed structure of behavior suggestions may 
therefore reflect an implicit design logic that enables positive spillover effects across 
domains, even if such interconnections are not explicitly based on behavioral theory. 
Rather than focusing on isolated co-occurrence indicators or correlations, the structural 
diversity and cross-domain coverage provide insights into how digital habit apps might 
translate theoretical principles of habit formation into design practice. Regarding pat-
terns of interconnectedness between meta-behaviors and functionalities, the following 
points emerge:  
  



The Dominance of Physical Exercise as a Meta-Behavior: Among all identified 
meta-behaviors, Physical Exercise is the most frequently recommended domain and the 
most commonly selected primary meta-behavior. Additionally, Physical Exercise is 
highly differentiated, meaning that apps provide a variety of habit suggestions within 
this category, from simple daily movement goals to structured fitness routines. The 
central role of Physical Exercise reflects its frequent occurrence across habit apps and 
its strong co-occurrence with other behaviors, particularly Nutrition and Leisure Activ-
ities. This prominence may reflect design conventions or user expectations rather than 
evidence of cross-domain effectiveness. Still, from a design standpoint, and consistent 
with key-habit theory, emphasizing physical activity may be a strategic starting point, 
given its visibility, goal orientation, and broad user appeal. 

 
More Supported Behaviors Correlate with More Features: Our findings in cross-

comparison with the results of (Stark et al., 2023) also reveal a positive correlation 
between the number of supported behaviors and the number of integrated functionali-
ties. Apps covering more (meta-)behaviors offer a broader range of habit-forming fea-
tures, such as reminders, and habit-stacking techniques. This suggests that more versa-
tile apps provide users with additional tools to facilitate habit formation. 

 
User Ratings as Exploratory Contextual Insight: While not central to the research 

question, we included user ratings as an exploratory variable to examine whether the 
diversity of supported behaviors and functionalities aligns with user satisfaction. Inter-
estingly, our results show that user ratings in app stores do not necessarily correlate 
with the number of supported meta-behaviors or available functionalities. While some 
highly rated apps offer extensive behavior recommendations and advanced features, 
others receive positive ratings despite a narrower scope. These observations underline 
the importance of user experience in shaping app evaluations.  
 
Habit apps typically recommend behaviors across many lifestyle domains, averaging 
over twelve meta-behaviors per app. This variety may help users form habits that span 
multiple areas of life. 
 
Look for Multidomain Structure: Apps that support a greater number of lifestyle ar-
eas are often equipped with more habit-forming features. Rather than relying solely on 
app store ratings or aesthetic impressions, users may benefit from choosing apps that 
recommend behaviors across multiple domains, which can help initiate or reinforce 
broader lifestyle changes.  
 
Use Familiar Behaviors as Anchors: The prominence of Physical Exercise in most 
apps suggests that this domain often serves as an organizing element. For users unsure 
where to begin, selecting behaviors in this category may offer an intuitive starting point, 
especially as they often appear alongside habits from related domains, such as sleep or 
nutrition. This may increase the chances of building routines that span different aspects 
of daily life, even though such spillover effects were not measured directly in this study. 



The structural co-occurrence patterns identified in this study, especially the consistent 
pairing of certain meta-behaviors – can inform design strategies for digital habit apps. 
 
Design for Cross-Domain Opportunities: Our findings indicate that many habit apps 
already integrate behavior suggestions across multiple domains. Developers could 
build on this by intentionally designing user flows that highlight such combinations, 
thereby encouraging users to recognize and engage with cross-domain routines. 
Balance Popularity and Differentiation: While Physical Exercise dominates the be-
havioral landscape of current apps, this saturation also creates opportunities for differ-
entiation. Developers may consider highlighting less-represented domains that still 
show meaningful co-occurrence patterns and could support holistic habit development.  

6 Limitations 

The results should be interpreted with caution, as the coding process affects out-
comes. For example, walking-related behaviors were coded under seven different labels 
(e.g., walk for 20 minutes outdoors, do 5000 steps). Some behaviors received multiple 
codes, for instance, a 20-minute outdoor walk was labeled with two codes. Furthermore, 
different domains’ "natural" characteristics affect the number of possible behaviors 
within each domain. Only one code (take your medicine) was identified in the medicine 
domain, possibly due to apps avoiding the prescription of more detailed habits in this 
area. In physical exercise, however, 118 distinct behaviors were coded, and 77 behav-
iors were identified in nutrition. 

7 Future Research 

Future research may build on this paper in several ways to deepen our understanding 
of how habit apps influence behavior change and long-term engagement. A longitudinal 
and experimental approach may be necessary to assess not only the sustained impact of 
multi–meta-behavior habit apps but also the causal mechanisms through which they 
influence user behavior and outcomes. While our study highlights the interconnected 
nature of behaviors within habit apps, it does not allow for conclusions regarding the 
effectiveness of specific habit combinations. Future studies should investigate whether 
the adoption of a single, strategically chosen habit can catalyze multidimensional be-
havior change across lifestyle domains. Such research could involve controlled trials or 
long-term observational studies that track habit adoption and spillover effects over time, 
thereby providing stronger evidence for the design of effective, holistic behavior 
change interventions. Also, user-centered research should explore how individuals en-
gage with habit apps and perceive the value of holistic habit-tracking. Qualitative stud-
ies, including interviews and surveys, could offer deeper insights into user preferences, 
motivation, and potential barriers to adopting interconnected habits.   
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