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ABSTRACT
Gamification is a promising strategy to enhance user engagement in digital mental health 
interventions (DMHIs), but its impact depends strongly on the employed game design elements 
(GDEs), as well as their alignment with users and contexts. The first step for guiding the 
selection of GDEs for DMHIs is a deep understanding of user preferences in this sensitive 
domain, which remains underexplored. In line with extant research investigating users’ GDE 
preferences in other domains, we conducted scenario-based online surveys using the Best- 
Worst-Scaling approach with 648 potential users across five DMHI application contexts. Results 
reveal consistent preferences for performance-oriented elements like Goals and Progress. 
Compared to other domains, Stories emerged as an element with notably higher acceptance in 
DMHIs. Our thematic analysis of participants’ justifications for their GDE preferences identified 
seven key rationales that explain these preferences, grouped into function-, intervention-, and 
user-related categories. These findings advance our understanding of gamification in DMHIs by 
highlighting its contextual particularities, the ambivalence of certain GDEs, and the layered 
nature of preference formation, thereby offering theoretical insights and practical guidance for 
context-sensitive and user-centered gamification design.
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1. Introduction

Digital mental health interventions (DMHIs) have 
emerged as promising solutions to complement in-per
son therapy by offering cost-effective, accessible, and 
flexible mental health support (Lattie, Stiles-Shields, 
and Graham 2022). Results from randomised controlled 
trials demonstrate that DMHIs can deliver clinical 
improvements across various mental health conditions 
(Richards and Richardson 2012), including depression 
(Andrews et al. 2018), (social) anxiety (Guo et al. 
2021), eating disorders (Linardon et al. 2020), or insom
nia (Soh et al. 2020). Despite their potential, DMHIs 
face hurdles in real-world application, including low 
user engagement and adherence (Burbach et al. 2022; 
Gan et al. 2021). To address these challenges, research
ers have begun incorporating interactive approaches 
into DMHIs (Gan et al. 2021), among which gamifica
tion has attracted substantial interest (Cheng et al. 
2019; Johnson et al. 2016). Broadly speaking, gamifica
tion integrates elements typically found in video 
games (i.e. game design elements; GDEs) into non- 
game systems to provide their users with enjoyable 

experiences while retaining the target systems’ instru
mental functions (Deterding et al. 2011; Liu, Santha
nam, and Webster 2017). In DMHIs, gamification is 
typically implemented to sustain user participation, pro
mote behaviour change, and increase the likelihood of 
continued use over time (Cheng et al. 2019).

Despite the growing interest in gamification for 
DMHIs, extant research has raised concerns that gamifi
cation may fall short of intended motivational outcomes 
or, in some cases, even result in unintended effects 
(Cheng et al. 2019). These concerns are primarily attrib
uted to the potential misalignment between the inte
grated GDEs and the contextual user needs. 
Commonly used GDEs such as Points, Badges, and Lea
derboards tend to emphasise achievement or social com
parison, which may not align well with the needs of 
individuals experiencing mental distress (Cheng et al. 
2019; Koivisto and Hamari 2019). Such performance- 
or comparison-oriented mechanisms can introduce 
pressure to perform and encourage comparison with 
others, which may be particularly counterproductive 
to the calm, non-judgmental, and self-focused 
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experience that many DMHIs aim to provide (Cheng 
et al. 2019). Moreover, user preferences influence how 
individuals perceive and respond to GDEs, thereby 
shaping the nature and quality of user-system inter
actions (Cheng et al. 2019; Koivisto and Hamari 
2019). If users dislike or reject a GDE, they are less likely 
to engage with it as intended, reducing its potential to 
support sustained participation and behaviour change. 
As psychological states, needs for personal growth, 
and engagement patterns vary substantially across 
their users, DMHIs require a stronger alignment 
between GDEs and user preferences than general 
applications.

To advance the effective use of gamification in 
DMHIs, it is therefore essential to understand user pre
ferences regarding GDEs. Several studies have explored 
users’ GDE preferences across domains, such as healthy 
nutrition (Berger and Jung 2024), physical activity 
(Schmidt-Kraepelin et al. 2019), or learning manage
ment systems (Schöbel, Söllner, and Leimeister 2016). 
However, these insights may not be fully transferable 
to DMHIs, which are often designed for aspects like 
calmness or nonjudgment and require unique user-sys
tem interactions. In addition, prior studies often focus 
on which GDEs are favoured, but do not cover the 
mechanisms that give rise to these preferences (e.g. Ber
ger and Jung 2024; Schmidt-Kraepelin et al. 2019; Schö
bel, Söllner, and Leimeister 2016). Without uncovering 
these mechanisms, we lack insights into how these 
elements activate the desired motivational or self-regu
latory processes in DMHIs, and cannot identify the 
boundary conditions under which they help or harm 
(Koivisto and Hamari 2019). This explanatory depth is 
critical, as it can explain the internal processes that con
nect gamification design to cognitive and behavioural 
outcomes, thereby clarifying why certain GDEs are 
effective or counterproductive in specific settings. Build
ing on this premise, we ask the following research ques
tions (RQs): 

RQ1: Which GDEs do users prefer in DMHIs?

RQ2: What rationales explain users’ GDE preferences 
in different DMHIs?

To answer our RQs, we conducted five online surveys 
informed by the best-worst scaling (BWS) approach 
with 648 potential DMHI users across five application 
contexts: mindfulness practice, sleep tracking, general 
mental health counselling, mood tracking, and eating 
disorder recovery. Our results reveal a largely consist
ent distribution of preferences across the five contexts. 
Commonly used performance-oriented elements, such 
as Progress and Goals, consistently received high 

preference, whereas competition-oriented elements, 
such as Leaderboards, were less favoured. Despite this 
overall consistency, we also observed significant con
textual variations rooted in the specific nature of the 
user-intervention interaction. By analyzing partici
pants’ justifications, we identified seven influential fac
tors for users’ GDE preferences, which we grouped into 
three categories (i.e. function-related, intervention- 
related, and user-related rationales). These insights 
help explain the observed distribution of rankings 
and advance our understanding of how users evaluate 
gamification in DMHIs. Drawing on these findings and 
grounded in task-technology fit (TTF) theory (Good
hue and Thompson 1995), we propose a multi-level 
fit perspective that explains the observed preference 
patterns and provides a foundation for research on 
more context-sensitive and user-centered gamified 
DMHIs.

The contribution of our work is threefold. First, we 
provide a comparative overview of users’ GDE prefer
ences across five application contexts of DMHIs. This 
advances the understanding of meaningful and con
text-sensitive gamification design in mental health, 
showing both common patterns (e.g. consistently high 
preference for Progress and Goals, low preference for 
Leaderboards) and intervention-specific nuances (e.g. 
low preference for Avatars in mindfulness practice or 
for Social Interaction in sleep tracking). In this way, 
our study (i) offers a practical, evidence-based baseline 
for designers to select effective GDEs and avoid com
mon pitfalls, and (ii) establishes an empirical foun
dation that can guide future research. Second, by 
identifying and grouping seven rationales explaining 
users’ GDE choices, we advance the scientific knowledge 
on the determinants that drive the formation of users’ 
GDE preferences. This knowledge forms a building 
block for the future development of highly efficient per
sonalised and tailored gamification concepts. Instead of 
simple preference matching, our findings enable the 
development of adaptive systems that can infer a 
user’s underlying need in a specific application context 
and offer the right GDE at the right time. Lastly, we syn
thesise these findings into a multi-level fit perspective 
for gamified DMHIs. This perspective contextualises 
the TTF for this sensitive domain and demonstrates 
the layered interplay between function-, intervention-, 
and user-related factors. Rather than assuming a single 
dominant source, our model highlights that the per
ceived appropriateness of a GDE depends on the simul
taneous alignment of its functional affordances with the 
goals of the intervention and users’ individual needs. In 
doing so, our model advances our understanding of user 
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preference formation and provides a structured basis for 
future empirical studies that investigate the mechanisms 
by which individual GDEs operate in mental health con
texts and their effectiveness.

2. Background

2.1. Gamified digital mental health interventions

Over the past 15 years, gamification has become a pro
minent topic within human–computer interaction and 
related fields such as information systems (IS), market
ing, psychology, and medical informatics (Lowry, 
Dinev, and Willison 2017). One of the earliest and still 
most frequently cited definitions is provided by Deterd
ing et al. (2011), who defined gamification as ‘the use of 
game design elements in non-game contexts’ (10). Sub
sequently, scholars extended this definition by empha
sising intended outcomes like motivation (Fitz-Walter, 
Tjondronegoro, and Wyeth 2011), engagement (Mekler 
et al. 2013), or gameful experiences (Huotari and 
Hamari 2017). A common theme that emerges from 
all the relevant definitions of gamification is that 
gamified systems are neither solely hedonic (i.e. plea
sure-oriented systems that provide self-fulfilled values 
to users, such as video games) nor solely utilitarian 
(i.e. productivity-oriented systems that provide instru
mental value to users, such as decision-support systems) 
(Liu, Santhanam, and Webster 2017). Rather, in 
gamified IS, hedonic and utilitarian aspects converge 
and need to be carefully balanced to ensure effective 
use (Koivisto and Hamari 2019). In this work, we 
adopt the understanding and terminology by Liu, 
Santhanam, and Webster (2017) and follow the notion 
that gamified IS have a dual purpose of evoking both 
instrumental and experiential outcomes within their 
users.

In comparison to the most popular application 
domains of gamification, such as physical activity or 
education, literature on gamification in DMHIs is still 
relatively scarce (Cheng 2020). Scholars have attributed 
this to some outcomes of gamification, such as feelings 
of competition, social comparison, or extrinsic rewards, 
being inappropriate in circumstances where users may 
experience psychological distress (Cheng et al. 2018). 
Nevertheless, the adoption of gamification in DMHIs 
is increasing, with a recent systematic review reporting 
a median of five GDEs per app (Cheng et al. 2019). 
Moreover, empirical studies on gamification for mental 
health are now emerging across diverse mental-health 
contexts, including anxiety (Jingili et al. 2023), mood 
regulation (Litvin et al. 2020), eating disorders (Tang 
et al. 2022), substance misuse (Zhang et al. 2019), 

sleep (Liang et al. 2024), general well-being (Lehtoranta, 
Xi, and Hamari 2024), and serious mental illnesses 
(Fitzgerald and Ratcliffe 2020). In DMHIs, instrumental 
outcomes are typically aligned with the intervention’s 
therapeutic objective. For instance, in a DMHI for 
mindfulness practice, the instrumental outcome might 
center on enhancing attentional control through guided 
meditation exercises, while a mood tracking DMHI 
could prioritise identifying emotional triggers by corre
lating logged feelings with daily activities. Experiential 
outcomes, by contrast, stem primarily from the 
implemented GDEs: goals provide orientation, whereas 
narratives or avatars can engender immersion and flow 
(Koivisto and Hamari 2019).

Although the literature broadly agrees that achieve
ment- and competition-oriented designs may be ill-sui
ted to mental-health contexts (Cheng et al. 2019), little is 
known about which specific gamification designs are 
most appropriate. To address similar questions, 
research in other application domains has shown that 
a critical first step is to investigate users’ GDE prefer
ences (e.g. Berger and Jung 2024; Schmidt-Kraepelin 
et al. 2019; Schöbel, Söllner, and Leimeister 2016). 
This approach is grounded in the idea that effective 
gamification design requires a careful selection of 
GDEs as its foundation (Liu, Santhanam, and Webster 
2017), which must be guided by user preferences that 
influence the intervention’s acceptance, feasibility, and 
long-term sustainability (Morschheuser et al. 2018). 
Accordingly, the present study takes this essential first 
step within the DMHI domain by investigating which 
GDEs potential users prefer to see implemented in 
DMHIs and why.

2.2. Users’ game design element preferences

User preferences are comparative evaluative judgments 
through which individuals express a stronger subjective 
inclination toward one alternative relative to others 
(Hertzum 2025). Such preferences are fundamental for 
system design and adoption because they inform how 
users experience and evaluate a system. User experience, 
in turn, shapes whether users perceive a system as 
acceptable and worth continued use (Hertzum 2025). 
In domains where sustained engagement and respon
sible design are essential, such as DMHIs, understand
ing users’ preferences regarding specific design 
strategies (e.g. integration of GDEs) is particularly 
important (Cheng et al. 2019). If GDEs are misaligned 
with users’ preferences or contextual expectations, 
they may undermine acceptance despite their intended 
motivational benefits (Cheng et al. 2019; Koivisto and 
Hamari 2019). Investigating users’ GDE preferences 
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thus constitutes a foundational step in identifying which 
gamification designs are perceived as appropriate and 
capable of supporting sustained adoption within the 
DMHI domain.

To capture users’ GDE preferences, studies have 
employed various methods, including focus groups 
(Nour, Rouf, and Allman-Farinelli 2018), question
naires (Fitz-Walter et al. 2013), collecting log data 
(Van Houdt et al. 2020), or user profile data (Li et al. 
2019). While these design-oriented studies provide 
valuable first insights for developing personalised and 
context-specific gamification (Schöbel et al. 2021), the 
generalizability of their findings is limited, as they typi
cally focused on narrowly defined systems and target 
audiences. Regarding more generalizable knowledge 
on users’ GDE preferences, we identified two research 
streams that are related to our work.

A first stream of related literature places users and 
their unique characteristics at the center of inquiry. 
Research in this stream has attempted to cluster users 
into user types with similar preferences based on var
ious factors, such as personality traits (Tondello et al. 
2016), gaming habits (Hassan et al. 2020), age (Yuan 
and Guo 2021), or gender (Koivisto and Hamari 
2014). However, despite their prominence in research 
and practice, gamification user typologies have received 
severe criticism regarding their validity, reliability, and 
overall usefulness for designing gamified systems 
(Kirchner-Krath et al. 2024). For example, a study by 
Hassan et al. (2020) examined the relationship between 
player types and user preferences regarding general 
gamification features (i.e. achievement, immersion, 
and social interaction). They found that player types 
are not a comprehensive predictor for gamification pre
ferences, especially for social and immersion-related 
GDEs. While this study advances the understanding of 
the relationship between player types and gamification 
preferences, the authors emphasise the need for more 
research investigating how users form gamification pre
ferences. Moreover, Kirchner-Krath et al. (2024) pro
vide a comprehensive overview of user typologies that 
have been used in gamification research. They find 
that user typologies, despite their different origins, 
show considerable overlap, some being consistent, 
whereas others contradict theoretically assumed 
relationships. Consequently, they conclude that gamifi
cation research should shift the focus from developing 
and applying ever more nuanced typologies to under
standing and measuring the key underlying determi
nants of user preferences in gamified systems.

A second stream of literature has focused on appli
cation context as a potential determinant of users’ 
GDE preferences and has examined its influence, 

independent of specific systems or user groups. Studies 
have examined various contexts, such as physical 
activity (Schmidt-Kraepelin et al. 2019), nutrition (Ber
ger and Jung 2024), personal travel (Verzosa et al. 2018), 
stress management (Berger et al. 2023), and learning 
management systems (Schöbel, Söllner, and Leimeister 
2016). Across these contexts, achievement-oriented 
GDEs like Progress and Levels rank among the most pre
ferred GDEs, while immersion-oriented elements like 
Avatars and Stories usually rank lower. However, 
because each study investigates a distinct set of GDEs, 
synthesising findings beyond the most ubiquitous 
elements (e.g. Points, Badges, Leaderboards) remains 
difficult. Even when some contexts appear similar to 
popular DMHI application contexts (e.g. stress manage
ment and nutrition), the diversity of DMHI application 
contexts makes it challenging to draw clear conclusions 
from this body of work for the DMHI domain. More
over, most of these studies are limited to investigating 
what users may prefer, without deeply exploring the 
underlying reasons for those preferences. Consequently, 
we still lack a nuanced understanding of users’ GDE 
preferences in the DMHI domain. In our work, we 
aim to bridge both research streams. While methodolo
gically aligning close to the second stream to capture the 
specificities of DMHIs, we simultaneously aim to inves
tigate the context- and user-specific influential factors 
for users’ GDE preferences by employing the approach 
outlined in the following.

3. Study design

To approach our RQs, we conducted scenario-based 
online surveys guided by the best-worst-scaling (BWS) 
approach (Louviere et al. 2013) across five distinct 
DMHI application contexts. The rigor and appropriate
ness of this study design are grounded in two consider
ations: the methodological suitability of BWS for 
eliciting comparative preferences among multiple 
design alternatives, and the established use of BWS in 
prior studies examining users’ GDE preferences (e.g. 
Berger and Jung 2024; Schmidt-Kraepelin et al. 2019; 
Schöbel, Söllner, and Leimeister 2016).

BWS is grounded in Random Utility Theory (McFad
den 1972), which posits that individuals assign a per
ceived utility to each option and select the one with 
the highest perceived utility while avoiding the one 
with the lowest. In the BWS approach, participants are 
repeatedly presented with choice sets consisting of at 
least three options of interest, in our case, GDEs. For 
each set, participants select one ‘best’ and one ‘worst’ 
option, which together denote the greatest difference 
in participants’ perceived utility within the set. 
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Compared to direct ranking mechanisms or rating 
scales (e.g. Likert scales), BWS offers two key advantages 
(Louviere et al. 2013): (1) its forced-choice nature 
ensures the discrimination of options; (2) it is scale- 
free and avoids potential biases as participants do not 
need to maintain consistency in calibrating the scale 
across options. These advantages make BWS well-suited 
to investigating users’ GDE preferences. In particular, 
the forced-choice nature reduces the likelihood of simi
larly high ratings for multiple GDEs, as such motiva
tional features may all seem appealing when evaluated 
in isolation. Furthermore, integrating GDEs into 
DMHIs inherently involves design choices among 
alternative GDEs, as it is not feasible to implement all 
elements simultaneously due to limited design space 
and the potential to overwhelm users (Cheng et al. 
2019). Consequently, the relative importance of 
elements identified by the BWS approach matters 
more than their absolute endorsement in isolation, 
making BWS particularly suitable for this study.

Several studies have recognised the methodological 
advantages of BWS and have successfully employed 
scenario-based online surveys informed by BWS to 
examine users’ GDE preferences (e.g. Berger and 
Jung 2024; Schmidt-Kraepelin et al. 2019; Schöbel, 
Söllner, and Leimeister 2016). By aligning our meth
odological design with this stream of research, we 
aim to make our findings comparable and contribute 
to discussions on the context sensitivity of gamifica
tion. In the following, we first introduce our research 
contexts before delving into data collection and data 
analysis procedures.

3.1. Research contexts

To investigate GDE preferences in the domain of 
DMHIs, we selected five distinct DMHI application 
contexts, namely (1) mindfulness practice, (2) sleep 
tracking, (3) general mental health counselling, (4) 
mood tracking, and (5) eating disorder recovery. We 
chose these five contexts for two major reasons. First, 
they represent contexts where gamification is often 
implemented as part of the broader goal of improving 
mental health and well-being (Cheng et al. 2019). This 
ensures the ecological validity of our study, as partici
pants are likely to perceive the inclusion of GDEs as 
plausible within these scenarios. Second, while all five 
contexts fit the broader label of DMHIs, they exhibit 
substantial variation. To make this variation explicit, 
we systematically characterise the contexts along several 
dimensions commonly used to distinguish DMHIs 
(Hopkin et al. 2025; Mohr et al. 2014). Specifically, we 
compare the contexts with respect to their primary 

purpose, target behaviours, interaction frequency, target 
users, and topic sensitivity. Table 1 summarises the five 
contexts systematically among these dimensions 
together with a representative DMHI for each.

The primary purpose ranges from skill practice and 
self-monitoring to therapeutic support and recovery. 
The target behaviours likewise vary in complexity, 
from establishing a single habit (e.g. tracking sleep dur
ation) to managing multiple interrelated behaviours 
(e.g. diet adherence), while interaction frequency ranges 
from once-daily logging to multiple entries per day. The 
contexts also address different target users, from non- 
clinical individuals seeking everyday well-being to 
those managing diagnosed conditions. Finally, the con
texts differ in topic sensitivity, from highly stigmatised 
concerns like eating disorders to comparatively low- 
stigma activities like mindfulness practice. Overall, we 
expect this variation in contexts to translate into sub
stantial differences in user-system interactions and 
users’ GDE preferences.

3.2. Survey design and data collection

We decided to focus on ten GDEs as the choice options 
because the number of required choice sets depends on 
the number of options (Louviere et al. 2013), and ten 
items would limit the length of the survey to a reason
able length. We identified the ten GDEs by synthesis
ing findings from literature reviews on gamification 
in DMHIs and from previous BWS studies on GDE 
preferences in health-related contexts, including nutri
tion (Berger and Jung 2024), stress management (Ber
ger et al. 2023), or physical activity (Schmidt- 
Kraepelin et al. 2019). This set of GDEs has proven 
effective in prior studies, covers the most commonly 
implemented GDEs, and represents a diverse range 
of functions within gamified IS. Appendix A provides 
more information on the selection of GDEs. Following 
best practices for BWS approaches, 15 choice sets are 
sufficient for ten or fewer options (Orme 2009). Each 
participant therefore viewed 15 unique choice sets, 
each containing four GDEs, constructed using a 
balanced incomplete block design (Louviere et al. 
2013; Orme 2009): each GDE appeared equally six 
times, and each combination of two GDEs appeared 
exactly twice.

Figure 1 presents our survey procedure, which was 
identical across contexts, with slight differences in 
wordings and descriptions of the GDEs noted below. 
Each survey started with an introduction to a target 
scenario, in which participants were asked to imagine 
using a DMHI for a specific application context (see 
Appendix B for details). We then presented our ten 
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GDEs with descriptions and mockups. Across DMHIs, 
we aimed to keep the general style (e.g. color scheme) 
of the mockups consistent, while accounting for indi
vidual differences in DMHIs (e.g. target behaviours). 
All mockups are shown in Appendix B.

After the introduction, we included two control 
questions to ensure that participants understood the 
GDEs. Participants who passed these two questions 
then proceeded to complete the 15 choice sets, each 
time selecting their most preferred GDE (i.e. the 
‘best’) and least preferred GDE (i.e. the ‘worst’). 
Descriptions and mockups remained accessible 
throughout. Following the BWS task, we asked partici
pants to freely choose any of the ten GDEs they wished 
to use (multiple selections allowed) in the current 
DMHI application context (i.e. free-choice selections). 
Afterwards, we asked participants to ‘describe briefly 
which GDEs you like best and why’. Lastly, we collected 
demographic data (i.e. gender, age, and education) and 
asked participants to what degree they had used a 
DMHI in their respective context. Before rolling out 
each survey, we pre-tested it with experienced research
ers from our network. This resulted in minor phrasing 
modifications and clarifications for the GDE descrip
tions and mockups.

3.3. Quantitative analysis

We adopted a two-stage analysis strategy for the BWS 
data (Louviere et al. 2013), using the R programming 
language and the RStudio application. First, following 
Flynn et al. (2007), we conducted a counting analysis to 
obtain an initial, context-specific ranking of GDEs. For 
each GDE, we counted the number of times it was chosen 
as most preferred (B) and least preferred (W), and com
puted the BWS scores (B − W). Then, we calculated the 
standardised mean by dividing the BWS scores by the 
product of the number of times each GDE appeared in 
a choice set (six in our case) and the number of partici
pants. The standardised mean ranges from − 1 to 1, 
with higher values indicating stronger preference. We 
also assessed convergent validity by comparing the 
BWS scores and participants’ free-choice selections. To 
do so, we formed a free-choice-based weight per GDE: 

FCWj =
􏽐

i

Iij

nfci
, where Iij = 1 if the participant i selected 

an element j in free-choice (0 otherwise), and nfci is the 
number of GDEs the participant i selected in their free- 
choice set. We then tested whether elements with higher 
BWS scores are also selected more often in free-choice 
selections by using linear regression.

Figure 1. Survey procedure.

Table 1. Overview of the five selected DMHI application contexts.

Context Mindfulness practice Sleep tracking
General mental health 

counselling Mood tracking Eating disorder recovery

Description Seek to cultivate non- 
judgmental present- 
moment awareness 
through meditation and 
other practices (Sliwinski 
et al. 2017)

Allow to record and 
monitor sleep metrics 
and provide guidance 
on improving sleep 
quality (Baron et al. 
2018)

Provide general support 
for the prevention and 
treatment of mental 
health issues (Firth 
et al. 2017)

Collect data about users’ 
mood to identify 
patterns and facilitate 
emotional regulation 
(Kumar et al. 2020)

Provide information, 
support and 
treatments to 
individuals with eating 
disorders (Thomas 
et al. 2024)

Primary 
purpose

Skill practice Self-monitoring & 
guidance

Therapeutic support Self-monitoring & 
emotion-regulation

Treatment & recovery 
support

Exemplary 
target 
behaviours

Establish a consistent 
mindfulness meditation 
routine

Track sleep duration, 
consistency and 
disturbances

Complete therapeutic 
activities or self- 
reflection exercises

Log mood data regularly 
and reflect on 
emotional patterns

Build healthy eating and 
self-image habits

Interaction 
frequency

Regular practice sessions Once per day Session-based Multiple entries per day Multiple entries per day

Target users Individuals experiencing 
stress

Individuals with irregular 
sleep schedules or sleep 
difficulties

Individuals undergoing 
counselling or therapy

Individuals with mood 
disorders, or interested 
in emotional self- 
knowledge

Individuals recovering 
from eating disorders 
(e.g. anorexia)

Topic 
sensitivity

Low Low Moderate-high Low-moderate High

Exemplary 
DMHI

Headspace SleepTown Wysa Mood Tracker: Self-Care 
Habits

Recovery Record
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Second, we employed conditional logit regression 
(CLR) to estimate the relative utilities of the GDEs 
based on participants’ choices (McFadden 1972). 
According to the Random Utility Theory (McFadden 
1972), the perceived utility uj that an individual assigns 
to option j consists of a systematic component vj and a 
random component 1j (i.e. uj = vj + 1j). The systematic 
component vj is determined by observable attributes 
(i.e. vj =

􏽐

i
bi · xij, where bi is the utility weight of 

attribute i, e.g. price, appearance; in our case, element- 
specific dummy variables) and xij is the level of attribute 
i for option j. The random component 1j cannot be 
observed directly and is assumed in CLR to follow a 
Gumbel distribution (McFadden 1972). Under this 
assumption, the probability of choosing option j from 

the choice set C is given by: Pj =
evj

􏽐
k[C evk

. CLR esti

mates the coefficients bi in vj, which in our case 
reflect the relative desirability of each GDE compared 
to a reference element. Specifically, the model takes 

the form vj =
􏽐9

m=1
bm · GDEmj, where GDEmj is a 

dummy variable indicating whether option j (i.e. GDE 
j) corresponds to GDE m, and one element is omitted 
as the reference category. Accordingly, the estimated 
coefficients bj can be interpreted as the relative utility 
of the element j compared to the reference element, 
whose utility is normalised to zero. We estimated separ
ate models for each context first, and then pooled data 
from all contexts and estimated a combined CLR 
model incorporating interaction terms between DMHI 
and GDE. Specifically, the pooled model can be 
expressed as 

vj =
􏽐9

m=1
bm · GDEmj +

􏽐

d,m
gdm · (DMHId · GDEmj), 

where DMHId is a dummy variable indicating the inter
vention context d, and γdm captures how the relative uti
lity of GDE m is moderated by context d. This allowed 
us to test whether the relative utility of individual 
elements varied significantly across DMHIs, revealing 
potential moderating effects of DMHIs’ particularities 
on preference formation.

3.4. Thematic analysis of qualitative data

To investigate possible reasons for the variation in users’ 
preferences, we applied thematic analysis to participants’ 
responses to the open question at the end of the surveys. 
For the analysis, we followed the six phases outlined by 
Braun and Clarke (2006). In the first phase (familiarising 
with the data), one author familiarised themselves with 
the data by carefully reading all participant responses 

and extracting the most relevant statements that 
reflected rationales for participants’ GDE preferences. 
During the second phase (generating initial codes), 
initial codes were generated. For example, the statement 
‘help me the most just to see how far I’ve come’ was coded 
as see achievements, while ‘I prefer elements which keep 
track of my progress by collecting points’ was coded as 
track progress. A second author then independently 
reviewed these initial codes, and discrepancies in coding 
were discussed and resolved within the author team. In 
the third phase (searching for themes), the author team 
iteratively used tables to identify relationships between 
initial codes and sorted them into different levels of 
themes (i.e. main overarching themes and sub-themes 
within them). Through this iterative process, the codes 
were refined and further organised into (sub-)themes 
(e.g. see achievements and track progress were merged 
into the theme opportune feedback). In the fourth 
phase (reviewing themes), the author team examined 
whether the candidate themes formed coherent patterns 
at the level of coded aspects and whether they adequately 
captured the meanings across the whole sample. This 
process led to refining the thematic structure by merging 
overlapping themes, splitting themes that were too 
broad, and reassigning aspects that did not clearly fit 
their initial theme. In the fifth phase (defining and nam
ing themes), we defined the themes by identifying the 
‘essence’ of what each theme is about and determining 
what aspect of the responses each theme captures and 
what they do not. Based on their definitions, we 
named the refined themes. The results of the thematic 
analysis are reported in section 4.3 (phase 6: producing 
the report). An illustrative example of this analysis pro
cess is presented in Figure 2.

4. User preferences for game design elements 
in DMHIs

4.1. Sample description

We employed a non-probability, self-selected sampling 
approach (Etikan, Musa, and Alkassim 2016), recruiting 
potential DMHI users through online channels in which 
the respective DMHI topics are actively encountered 
and discussed. For each of the five contexts, participants 
were recruited separately via topic-specific Facebook 
groups, professional networks on LinkedIn, and 
announcements in university-affiliated online plat
forms. For example, recruitment for the mood tracking 
context included Facebook groups such as Stress, 
Anxiety, Addiction, Depression: Mental & Emotional 
Health Support, whereas recruitment for the eating dis
order recovery context included groups such as Eating 
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Disorder Awareness. Since our study investigates how 
potential users perceive and engage with DMHIs in 
real-world contexts, it was essential to recruit partici
pants who are not only aware of such tools but also 
actively situated in the digital communities where 
DMHIs are encountered, evaluated, and discussed. 
Recruiting through these channels was therefore par
ticularly fitting, as it ensured that participants could 
provide contextually grounded and experientially 
informed responses, yielding a sample representative 
of actual DMHI target users. Especially, topic-specific 
Facebook groups enabled access to communities already 
engaged with the respective DMHI topics, while Linke
dIn and university-affiliated platforms broadened the 
participant pool to include individuals with diverse pro
fessional and academic backgrounds and varying levels 
of familiarity with DMHIs. Collectively, this multi- 
channel approach yielded a sample that is both contex
tually appropriate for the study’s focus on DMHIs and 
sufficiently heterogeneous to capture a wide range of 
perspectives. Ethical approval for this study was not 
required under institutional guidelines, as it involved 
no intervention and collected no sensitive personal 
data. All participants provided informed consent before 
beginning the survey.

Each participant completed the survey for a single 
application context only. In total, 813 participants com
pleted the questionnaire (198 for mindfulness practice, 
240 for sleep tracking, 128 for general mental health 
counselling, 152 for mood tracking, and 95 for eating 
disorder recovery). Responses were excluded if partici
pants failed the attention checks or completed the ques
tionnaire in less than 250 s. After applying these criteria, 
the final datasets comprised 168 valid cases for 

mindfulness practice, 181 for sleep tracking, 116 for 
general mental health counselling, 107 for mood track
ing, and 76 for eating disorder recovery, totalling 648 
valid responses. Participants ranged in age from 16 to 
65 years. Gender distribution and education levels for 
each context are presented in Figure 3.

4.2. Preferences for game design elements across 
contexts

4.2.1. Counting analyses
The results of our counting analyses for all five DMHI 
application contexts are summarised in Table 2. Build
ing on the method described earlier, we report a stan
dardised mean score (S) for each GDE, which reflects 
the relative strength of its preference within each con
text. For example, in the context of mindfulness prac
tice, 168 participants collectively selected Progress 622 
times as most preferred (B) and 35 times as least pre
ferred (W). The standardised mean was calculated as 
(622 − 35) / (6 × 168) = 0.582. In addition, we 
report standard deviations (SD), which indicate the 
variability in preference across participants. Lower stan
dard deviation values indicate more consistent prefer
ences within the sample.

Across all contexts, performance-oriented elements 
such as Progress and Goals consistently ranked at the 
top, with standardised means exceeding 0.50 in multiple 
contexts. Levels and Points were generally rated as mod
erately positive, whereas Badges and Stories tended to 
receive near-neutral scores. In contrast, Avatars, Leader
boards, and Virtual Goods repeatedly appeared among 
the lowest-ranked elements, with negative standardised 
means in every context. Some variation emerged 

Figure 2. Illustrative examples of the thematic analysis process.
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between contexts. For instance, Stories was rated close to 
neutral in mindfulness practice (S = − 0.055) and mood 
tracking (S = − 0.047) but slightly positive in general 
mental health counselling (S = 0.148) and sleep track
ing (S = 0.062). Although Social Interaction consist
ently received negative evaluations, the extent varied 
(e.g. S = − 0.050 in general mental health counselling 
vs. S = − 0.558 in sleep tracking). Figure 4 highlights 
these variations by comparing the ranking positions in 
each context. While the broad pattern of preferences 
is stable, certain elements, particularly those in the bot
tom part of the ranking, shift notably in rank depending 
on the application context.

To complement these results, linear regression ana
lyses revealed a significant positive relationship between 
standardised BWS scores and participants’ free-choice 
selections across all contexts. Figure 5 visualises this 
relationship using scatter plots with fitted regression 
lines. For instance, in the mindfulness context, the 
regression model (b = 26.66, SE = 1.64) yielded a signifi
cant effect (p < .001) of the predictor variable (i.e. BWS 
scores), with an adjusted R² of .967, indicating that the 
model explained approximately 96.7% of the variance in 
participants’ choices. These relationships show that the 
BWS-derived rankings are a very strong indicator of 
participants’ preferences.

4.2.2. Conditional logit regression analysis
The results of the conditional logit regressions estimated 
separately for each application context are summarised 
in Table 3. These regressions capture the relative utilities 
of each GDE, reflecting how strongly a GDE increases or 
decreases the likelihood of being chosen compared to 
the reference GDE in the same context. In each appli
cation context, the reference is defined as the lowest- 
ranked GDE in the counting analysis, as we assume 

that the lowest-ranked GDE has a utility of zero, with 
all other coefficients expressing relative deviations 
from this baseline. For example, in mindfulness prac
tice, Progress (β = 2.662, SE = 0.081) and Goals (β =  
2.026, SE = 0.080) were substantially more likely to be 
selected than the baseline element Avatars. A compar
able pattern emerged in sleep tracking, with Progress 
(β = 2.139, SE = 0.077) and Goals (β = 1.951, SE =  
0.077) at the top, and Avatars (β = 0.152, SE = 0.097) 
only marginally above the reference Social Interaction. 
The context-specific results broadly align with the 
counting analysis: Progress and Goals consistently 
occupy the top ranks, whereas Avatars, Leaderboards, 
and Virtual Goods appear at the lower end.

To examine the influence of application context on 
user preference, we estimated an interaction model 
including GDE × context terms (i.e. interaction 
terms). Based on the overall ranking of the ten GDEs 
across contexts and taking into account the relatively 
sensitive nature of the five application contexts, we set 
eating disorder recovery as the reference context and 
Leaderboards as the reference element, normalising its 
utility in this context to zero. Table 4 reports the esti
mated coefficients (Coef, i.e. relative utilities), their 
standard errors (SE), and significance levels (Pr(>|z|)) 
of all interaction terms.

These results capture how the utilities of individ
ual GDEs change across contexts relative to this base
line. While some interaction effects were not 
statistically significant, several revealed notable con
textual influences. Among the significant effects, 
some contexts reduced the attractiveness of particular 
GDEs. For instance, Social Interaction was positively 
valued in the baseline but became substantially less 
preferred in sleep tracking (β = –1.893, p < .001). 
Similarly, Goals showed a relative decline in mood 

Figure 3. Gender and education level distribution across DMHI application contexts.
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tracking (β = –0.82, p = .016). At the same time, other 
contexts enhanced certain preferences. Stories, already 
positive at baseline, became even more valued in gen
eral mental health counselling (β = 1.60, p < .001), and 
Avatars, weak at baseline, turned into a positive pre
dictor in mood tracking (β = 0.95, p = .004).

4.3. Rationales for users’ game design element 
preferences in DMHIs

Across five application contexts of DMHIs, participants 
provided 507 valid responses to the open-ended survey 
question. Our thematic analysis of these responses 
yielded seven key rationales driving users’ GDE prefer
ences. Table 5 presents an overview of these rationales, 
their main mechanisms (i.e. how they influence users’ 
GDE preferences), and exemplary GDEs. We cate
gorised the seven rationales into three groups based 
on whether a rationale stems primarily from the 
GDE’s intrinsic functionalities ( function-related), the 
application context of the DMHI (intervention-related), 
or the individual’s personal characteristics (user- 
related). The following sections will elaborate on these 
rationales in detail.

4.3.1. Function-Related Rationales
Function-related rationales are justifications for user 
preferences that are driven by the intrinsic function of 
the GDEs themselves. When participants explain their 
choice with these rationales, they are focusing on what 
the element does at a fundamental level. For instance, 
a preference for Progress reflects its inherent capacity 
to deliver immediate, stepwise performance infor
mation. Similarly, a preference for Social Interaction 
can be explained by the element’s built-in opportunities 
for connection.

Meaningful Orientation. The first rationale we 
found was that users prefer elements that give clear 
direction and structure, helping them decide what to 
do next and why. This orientation shapes user prefer
ences through two complementary ways: direction-set
ting and path-reflection. Direction-setting describes a 
mechanism where users choose GDEs that establish a 
clear forward-looking journey, which fosters a sense of 
purpose and motivation. This clear direction translates 
a broad intention (e.g. ‘improve my sleep habits’) into 
concrete, actionable steps. Goals are chosen because 
they provide ‘a clear direction to work towards and 
make [users] very hopeful that [they] can achieve this’ 
(ID565, sleep tracking). Goals allow users to ‘structure 
[the] plan in improving’ (ID1003, sleep tracking) and 
‘be able to be clear about what needs to be accomplished 
on a daily basis’ (ID463, eating disorder recovery). Such Ta
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directional clarity can ‘motivate [users] to continue 
because [they] know what they are trying to achieve’ 
(ID848, mindfulness practice). GDEs like Badges and 

Levels supplement this by serving as intermediate way
points that break down a large goal into ‘reachable tar
gets’ (ID623, mindfulness practice), making the overall 

Figure 4. Ranking of game design elements across DMHI contexts.

Figure 5. Relationship between BWS scores and free-choice selections across contexts.

BEHAVIOUR & INFORMATION TECHNOLOGY 11



Table 3. Results of conditional logit regression analyses for the five DMHI application contexts.

Mindfulness practice Sleep tracking
General mental health 

counselling Mood tracking Eating disorder recovery

GDE Coef SE GDE Coef SE GDE Coef SE GDE Coef SE GDE Coef SE

Progress 2.662 0.081 Progress 2.139 0.077 Goals 3.171 0.192 Progress 3.090 0.169 Goals 3.365 0.206
Goals 2.026 0.080 Goals 1.951 0.077 Progress 2.836 0.189 Goals 2.332 0.169 Progress 3.260 0.203
Levels 1.750 0.081 Levels 1.021 0.082 Levels 2.674 0.193 Points 1.347 0.170 Points 1.226 0.204
Points 1.156 0.086 Points 0.924 0.083 Badges 2.163 0.192 Levels 1.051 0.175 Levels 1.068 0.208
Badges 0.953 0.089 Badges 1.014 0.082 Stories 2.347 0.191 Badges 1.174 0.170 Badges 1.105 0.202
Stories 0.903 0.089 Stories 1.089 0.081 Points 1.833 0.194 Stories 0.967 0.172 Stories 0.663 0.207
SI 0.533 0.096 VG 0.464 0.090 SI 1.936 0.193 SI 1.076 0.173 SI 0.840 0.210
VG 0.547 0.096 Avatars 0.152 0.097 VG 0.469 0.215 Avatars 0.316 0.186 Avatars −0.743 0.267
LB 0.248 0.102 LB 0.258 0.094 Avatars 0.187 0.225 VG 0.282 0.186 VG −0.200 0.237
Avatars 0 - SI 0 - LB 0 - LB 0 - LB 0 -

SI: Social interaction; VG: Virtual goods; LB: Leaderboards.

Table 4. Results from the conditional logit regression with GDE × context interactions.
Interaction Term Coef SE Pr(>|z|) Interaction Term Coef SE Pr(>|z|)

Levels x MP 1.279 0.344 < 0.001*** SI x ST −1.893 0.288 < 0.001***
VG x MP 0.648 0.297 0.029* VG x ST 0.605 0.286 0.034*
Avatars x MP −0.523 0.349 0.133 Stories x ST 0.467 0.269 0.082
Stories x MP 0.399 0.284 0.160 Avatars x ST 0.427 0.320 0.182
SI x MP −0.295 0.285 0.301 Goals x ST −0.301 0.328 0.358
Progress x MP 0.361 0.370 0.330 Points x ST 0.175 0.300 0.559
Points x MP 0.203 0.311 0.513 Progress x ST 0.112 0.361 0.757
Goals x MP 0.104 0.348 0.764 Levels x ST 0.010 0.322 0.976
Badges x MP −0.079 0.290 0.785 Badges x ST 0.006 0.278 0.982
Interaction Term Coef SE Pr(>|z|) Interaction Term Coef SE Pr(>|z|)
Stories x GMHC 1.600 0.308 < 0.001*** Avatars x MT 0.953 0.330 0.004**
Levels x GMHC 1.367 0.357 < 0.001*** Goals x MT −0.817 0.338 0.016*
Badges x GMHC 1.165 0.318 < 0.001*** VG x MT 0.565 0.307 0.066
VG x GMHC 0.933 0.328 0.004** Levels x MT −0.482 0.334 0.149
SI x GMHC 0.758 0.298 0.011* Progress x MT −0.376 0.365 0.302
Avatars x GMHC 0.878 0.354 0.013* Points x MT 0.322 0.321 0.316
Points x GMHC 0.543 0.328 0.099 Stories x MT 0.186 0.288 0.518
Goals x GMHC 0.320 0.357 0.370 SI x MT −0.105 0.282 0.710
Progress x GMHC −0.273 0.368 0.457 Badges x MT −0.042 0.298 0.888

MP: Mindfulness practice; ST: Sleep tracking; GMHC: General mental health counselling; MT: Mood tracking. 
VG: Virtual Goods; SI: Social interaction; * p < .05; ** p < .01; *** p < .001.

Table 5. Rationales for users’ game design element preferences in DMHIs.
Category Rationale Main mechanisms Exemplary GDEs

Function-related 
rationales

Meaningful 
orientation

Direction-setting: GDEs establish a clear forward-looking journey to foster a sense of 
purpose.

Goals, Badges, 
Levels

Path-reflection: GDEs enable users to reflect on their journey over time. Progress
Opportune 

feedback
Effort acknowledgement: GDEs provide instant confirmation of task completion to 

create a sense of accomplishment.
Points, Badges

Providing rewards: GDEs deliver tangible or symbolic rewards to enhance motivation 
and enjoyment.

Virtual goods, 
Badges

External support Connection for belonging: GDEs create a sense of community for emotional reassurance. Social Interaction
Exchange for informational support: GDEs allow users to gain practical advice and new 

perspectives by exchanging experiences.
Social Interaction

Social influence for motivation: GDEs motivate users through recognition by others. Leaderboards
Intervention-related 

rationales
Instrumental 

alignment
Supportive utility: GDEs are perceived as a useful tool that adds practical value to the 

intervention’s core task.
Stories for GMHC 

Progress for MT
Contextual appropriateness: GDEs are not perceived as distracting or incongruent with 

the intervention’s primary purpose.
Stories for ST

Psychological 
safety

Stress-free engagement: GDEs avoid competition or pressure to maintain a calm 
atmosphere.

Badges, Stories

Non-judgmental, self-focused experience: GDEs enable users to concentrate on personal 
growth without external judgment or benchmarks.

Progress

User-related rationales Subjective appeal Alignment with personal interests: GDEs resonate with a user’s personal interests or 
social tendencies.

Stories, Social 
Interaction

Aesthetic pleasure: GDEs appeal through visual design and style. Badges, Avatars
Experience mindset Familiar and reliable engagement: GDEs are chosen when past experience has proven 

them effective and reliable.
Goals, Progress, 

Badges
Novel and new experience: GDEs are valued when they offer a new and different way to 

engage users.
Stories, Avatars

ST: Sleep tracking; GMHC: General mental health counseling; MT: Mood tracking.
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journey ‘achievable without being pressured’ (ID1443, 
sleep tracking). In terms of path-reflection, users favour 
GDEs that enable them to reflect on their journey over 
time. By making the path and distance-to-go visible at a 
glance, such GDEs help users understand their current 
standing and next steps, thereby ‘stay[ing] motivated 
and engaged’ (ID742, mindfulness). Progress was most 
valued for this function, as it ‘provides an objective 
opportunity for self-reflection’ (ID216, general mental 
health counselling) through ‘a clear track of things to 
do and already done’ (ID164, eating disorder recovery).

Opportune Feedback. This rationale concerns user 
preferences for immediate, interpretable acknowledgment 
of their specific actions and efforts. This type of feedback 
focuses on timely validation that creates a satisfying, 
short-term reinforcement loop and impacts user prefer
ence in two main ways: (1) by acknowledging effort to cre
ate a sense of accomplishment, and (2) by providing 
rewards to enhance motivation. First, users favour 
GDEs that clearly confirm the successful completion of 
a task, which fosters a sense of accomplishment. For 
example, some users appreciate GDEs like Points and 
Badges that immediately ‘show [them] a result’ (ID187, 
general mental health counselling), which ‘gives a feeling 
of accomplishment’ (ID100, mood tracking) and evokes 
‘the dopamine effect and to hook the user on the app’ 
(ID667, general mental health counselling). Second, 
users are motivated by GDEs that provide tangible or 
emotional rewards for their actions. Such rewards are 
‘intuitive and easy to understand’ (ID350, sleep tracking), 
thereby going beyond simple acknowledgment to make 
the experience more enjoyable and compelling, without 
overwhelming users. To this end, Points are valued 
because they act as ‘an immediate reward’ (ID383, eating 
disorder recovery) and ‘convert [users’] efforts into some
thing [they] can see and use’ (ID1523, mood tracking). 
Similar positive incentives can also come from Badges 
and Virtual Goods, which present a straightforward 
‘reason for users to continue’ (ID1040, mindfulness).

External Support. Users prefer GDEs that connect 
them to sources of support beyond the self, such as 
peers who can provide encouragement, advice, and rec
ognition. Preferences driven by this rationale stem from 
the intrinsic social function of Social Interaction and 
Leaderboards, which leverage community to enhance 
the intervention experience. This rationale manifests 
in three ways: (1) fostering belonging through connec
tion, (2) informational support through experience 
exchange, and (3) driving motivation through social 
influence. First, users value Social Interactions that cre
ate a sense of community for emotional reassurance. 
Being able to ‘communicate with real people with 
similar problems’ (ID423, general mental health 

counselling) helps users feel they are not alone and pro
vides a crucial sense of being ‘heard, seen, and under
stood’ (ID383, eating disorder recovery). Beyond this 
emotional validation, the social connection is also a 
practical resource. By exchanging experiences, users 
can ‘reflect well on their own and […] get another 
point of view and tips from the other person’ (ID390, 
general mental health counselling). The combination 
of emotional and informational support empowers 
users, reinforcing their commitment to their interven
tion journey. Lastly, social influence can motivate 
users, but it must be managed carefully to avoid causing 
stress. For some, the ability to compare with others is a 
straightforward way ‘to do more […] than other people’ 
(ID794, mood tracking), turning a solitary activity into a 
more engaging social experience. However, many users 
caution that competition can also create pressure, which 
contradicts the fundamental purpose of DMHIs. There
fore, social motivation must be balanced against the risk 
of creating this pressure, focusing on being encouraging 
rather than overtly competitive.

4.3.2. Intervention-Related Rationales
Rationales in this category concern the particularities of 
a DMHI. Here, user preferences are determined by the 
perceived fit between the GDE and the DMHI’s over
arching instrumental task or targeted behaviours (e.g. 
regular participation in mindfulness sessions, improved 
sleep quality). While the specific instrumental tasks 
differed across the five application contexts in our 
study, the underlying requirements for GDEs to be pur
poseful and non-disruptive to the user’s mental state 
remained constant. We identified two key rationales 
reflecting these contextual particularities: instrumental 
alignment and psychological safety.

Instrumental Alignment. This rationale reflects the 
user’s need for GDEs to (1) add practical value to the 
intervention task (supportive utility) and (2) remain 
aligned with the purpose of the DMHI (contextual 
appropriateness). On the one hand, users consistently 
favoured elements they perceived as functional tools 
that support them in performing the central task of 
the intervention, especially when a GDE provided a 
capability that the core intervention could not inher
ently offer. For example, in the context of mood track
ing, one participant asserted that because ‘mood is 
something [people] can’t really count, looking at the 
progress helps them know how their emotion is’ 
(ID1543). Thus, Progress was highly valued in this con
text for making the abstract mood tangible. Similarly, in 
the general mental health context where users can find it 
challenging to articulate their emotional issues, Stories 
were preferred because they ‘help to express problems 
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better’ (ID231), thereby facilitating a core requirement 
of the intervention. On the other hand, participants 
drew clear boundaries against GDEs that are incongru
ent with the DMHI’s core purpose. For sleep tracking, 
participants repeatedly rejected social or competitive 
elements as inappropriate for an intimate and personal 
routine, with one stating that ‘more is not needed, it 
may end up in a social competition’ (ID1003). This sen
timent was echoed by participants in mindfulness prac
tice, who valued ‘playful but non-distracting elements’, 
cautioning that incongruent features ‘could harm the 
productivity of the app’ (ID559, ID814).

Psychological Safety. This rationale stems from the 
user’s need for the DMHI to function as a psychologi
cally safe space, where self-improvement can be pursued 
without fear of judgment or failure. Two mechanisms 
drive this rationale. First, participants prioritise a 
stress-free engagement with the intervention, which is 
primarily achieved by removing competition and 
pressure. The most consistent theme was the rejection 
of elements that ‘put the user under pressure to perform 
well, which leads to more stress’ (ID1308, sleep track
ing). Participants explicitly warned against both social 
pressure (i.e. ‘compare and compete with others’, 
ID953, mood tracking) and design-induced pressure, 
such as punitive design like ‘dropping levels if you 
break your strike’ (ID1145, sleep tracking). Accordingly, 
the ideal is a calm atmosphere, where reinforcement and 
motivation feel gentle, such as ‘giv[ing] a sense of 
achievement without being under too much pressure’ 
(ID1485, sleep tracking:), or ‘encourag[ing] the pro
gression in a non-competitive way’ (ID708, mood track
ing). Second, participants appreciate a non-judgmental, 
self-focused experience that helps them to center on the 
individual’s unique journey. For example, GDEs are 
valued when they provide ‘an objective opportunity 
for self-reflection and the focus is on oneself’ (ID216, 
general mental health counselling). This focus is 
especially crucial for people in a vulnerable state. Con
sequently, participants consistently prefer GDEs that 
‘primarily focus on the individual growth’ (ID554, 
mindfulness practice), rather than being assessed 
against a standardised or competitive benchmark.

4.3.3. User-Related Rationales
Rationales in this group are rooted in individuals’ per
sonal characteristics, such as their aesthetic tastes, 
prior experiences, and intrinsic motivations. While 
function-related rationales address general user value, 
these rationales highlight that even a perfectly func
tional and appropriate GDE might be rejected if it 
fails to resonate with a user on a personal level. Our 
analysis identified two key rationales that capture 

these individual differences: experience mindset and 
subjective appeal.

Experience Mindset. This rationale describes how a 
user’s past experiences shape their current mindset, 
which in turn influences their preference for either fam
iliar or novel GDEs. On the one hand, individuals’ per
sonal history with GDEs creates a mental model of what 
works for them. This mindset leads to a preference for 
familiar GDEs that have proven effective for them in 
the past, as this provides a reliable and low-effort 
path to motivation. For instance, two participants 
clearly articulated the preference for certain GDEs 
that ‘also motivate [them] the most in other apps’ 
(ID1194, mindfulness; ID346, sleep tracking). This 
explanation was substantiated by Chi-Square tests, 
which assess whether familiarity and preferences are 
correlated. The results indicate that participants were 
more likely to select GDEs they were familiar with 
(mindfulness practice: x2(1, 168) = 51.118; sleep 
tracking: x2(1, 181) = 26.212; general mental health 
counselling: x2(1, 116) = 24.101; mood tracking: 
x2(1, 107) = 42.108; eating disorder recovery: 
x2(1, 76) = 25.394; all p , .001). On the other hand, 
an experience mindset can also drive individuals to 
seek novelty and new experiences, which may offer 
something different or more engaging. For instance, 
some users preferred the Stories because they are ‘differ
ent from what [they] are used to’ (ID636, mindfulness) 
and ‘gives [them] a different way to engage’ (ID378, 
general mental health counselling). This duality under
scores that the influence of past experiences on users’ 
GDE preference may not be universal.

Subjective Appeal. This rationale captures user pre
ferences driven by a user’s subjective, personal tastes. 
These choices are often rooted in a desire for (1) a 
more personally engaging experience or (2) an aestheti
cally pleasing experience. Users often project their per
sonal interests and social tendencies onto their choice of 
GDEs. For instance, participants who enjoy reading are 
naturally drawn to Stories. Similarly, socially inclined 
users welcome chances to share and check in through 
Social Interaction. While many participants reject com
petition, a small group who are personally motivated by 
social comparison may appreciate a Leaderboard, ‘as it is 
an incentive to keep up with others’ (ID389, eating dis
order recovery). Beyond personal interests, participants 
also emphasised the aesthetic qualities of GDEs. Their 
accounts reveal two complementary dimensions of aes
thetics (Lavie and Tractinsky 2004). First, elements were 
valued for qualities of classical aesthetics, such as clarity, 
pleasantness, and harmony (Lavie and Tractinsky 2004), 
for example, when Avatars or Badges were chosen as 
they are ‘cute and eye-catching’ or ‘aesthetically well- 
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designed’ (ID346, sleep tracking; ID1454, mood track
ing). Second, participants also appreciated aspects of 
expressive aesthetics, which highlight creativity and 
originality in design, making elements feel distinctive 
(Lavie and Tractinsky 2004). While the desire for 
expressive aesthetics may seem related to the preference 
for novelty in the Experience Mindset rationale, the two 
are conceptually distinct. The former reflects a user’s 
evaluation of the design’s intrinsic creative qualities 
(an artifact-centric judgment), while the latter is based 
on the design’s novelty relative to the user’s personal 
history of use (a user-centric, comparative judgment). 
For example, an experienced gamer might be attracted 
to Stories because of their unique and creative design 
(due to their expressive aesthetics). In contrast, a user 
with no prior experience with narrative-driven systems 
might be drawn to this GDE simply because it offers a 
completely new form of interaction, even if its design 
is not particularly original.

5. Discussion

This study investigates user preferences for GDEs in the 
domain of DMHIs and uncovers the underlying ratio
nales for these preferences. The following sections syn
thesise three key insights of this study and contrast them 
with findings from prior work (see Table 6). Afterward, 
we discuss the theoretical and practical implications, 
reflect on the study’s limitations, and identify directions 
for future research.

5.1. General patterns and contextual nuances of 
GDE preferences in DMHIs

A primary finding of our study is the notable consist
ency in GDE preference rankings across all five DMHI 
contexts, despite the variation in intervention character
istics. These rankings also strongly resemble the 
findings of previous BWS studies on users’ GDE prefer
ences (Berger and Jung 2024; Schmidt-Kraepelin et al. 
2019; Schöbel, Söllner, and Leimeister 2016), especially 
in health-related domains. A plausible explanation for 
these strong similarities is that, within health-oriented 
applications, users generally value GDEs that help 
them focus on their individual journey and self-devel
opment toward a desired outcome, such as a healthier 
lifestyle (Schmidt-Kraepelin et al. 2019). Another 
example of general patterns is the comparatively higher 
acceptance of Stories in DMHIs relative to other 
domains such as physical activity, where competition- 
oriented Leaderboards are often preferred. This 
finding suggests that narrative mechanisms may be 
especially suited to the nature of DMHIs and opens 
pathways for more nuanced research on how Stories 
can be meaningfully adapted to the unique require
ments of DMHIs. Such work would also respond to 
recent calls in gamification research to move beyond 
structural gamification, which mainly relies on Points, 
Badges, and Leaderboards as a detachable layer on top 
of a task, toward content gamification, which integrates 
gameful features into the core task to create more 
immersive and engaging experiences (Koivisto and 
Hamari 2019).

At the same time, our results reveal specific devi
ations in preferences for certain GDEs across DMHI 
application contexts. Such deviations were not random 
but concentrated in elements whose alignment with 
the intervention’s primary purpose and targeted beha
viours varies by context. For instance, the rejection of 
Social Interaction was far more pronounced in the 
sleep tracking context, where the element’s inherent 
function of encouraging connectivity conflicts with the 
intervention’s primary goal of self-monitoring and its 
targeted behaviours of achieving a calm state conducive 
to rest. Another illustration of the nuanced deviations is 
that Avatars were ranked low in mindfulness practice, 
but received more attention in mood tracking, where 
users consider them supportive for self-expression. 
This pattern may reflect the stronger emphasis on 
repeated emotional self-reflection and awareness in 
this context. These nuances underscore the complexity 
of gamification in this sensitive domain and highlight 
the need to understand boundaries of instrumental 
alignment. Especially, whereas many GDEs like Points 

Table 6. Key insights of this study compared to prior research.
Prior research Findings of this study

Gamification research has 
emphasised that the effects of 
similar gamification designs vary 
substantially across application 
contexts, considering context as a 
strong influential factor for user 
preferences (Klock et al. 2020; 
Koivisto and Hamari 2019).

GDE preferences remain remarkably 
stable across five different DMHI 
application contexts. Contextual 
differences emerge selectively for 
specific GDEs rather than 
uniformly across all elements.

Individual GDEs have often been 
characterised as uniformly 
beneficial or detrimental, and 
mixed or heterogeneous effects 
have been reported with limited 
understanding of why the same 
GDE can evoke both positive and 
negative perceptions (e.g. Almeida 
et al. 2023).

Seven rationales explain users’ GDE 
preferences in DMHIs. Some 
rationales were used by users both 
to justify and to reject the same 
GDE within a single context, 
highlighting the dual evaluative 
potential of these rationales for 
GDE preferences.

Task–technology fit conceptualises 
fit as a single correspondence 
among task, technology, and 
individual (Goodhue and 
Thompson 1995). Gamification 
research on tailored design has 
focused primarily on matching 
elements to user characteristics 
(Klock et al. 2020).

GDE preferences emerge through 
layered alignment between GDE 
functionality, intervention 
characteristics, and user 
characteristics, leading to the 
concepts of element–individual fit 
and element–intervention fit.
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build on a relatively uniform design concept, Avatars 
encompass a wide design space. It can range from a 
simple icon to a highly customizable, realistic represen
tation, with each design choice likely affording a differ
ent user experience (Miao et al. 2022). Thus, future 
studies could investigate specific design characteristics 
and contextual factors that determine whether an avatar 
is perceived as a valuable tool in DMHIs.

5.2. Duality in rationales for GDE preferences

Another interesting insight from our results is the 
inherent duality of certain rationales underlying GDE 
preferences. Specifically, the influence of certain ratio
nales on user preferences may not be universal. Instead, 
the same rationale may be perceived as either supportive 
or counterproductive, depending on the user’s mindset, 
prior experiences, or situational needs. A clear example 
of this duality emerges in the rationale of Experience 
Mindset. Familiarity with certain GDEs can enhance 
trust, reduce learning costs, and increase motivation, 
as users perceive these elements as reliable and proven 
(Rodrigues et al. 2022). Yet this reliance on familiar 
mechanisms may also undermine engagement over 
time by reducing novelty (Rodrigues et al. 2022). Con
versely, while novel GDEs like Avatars may attract 
interest by offering fresh ways of engaging, they may 
also create confusion or resistance among users who 
feel overwhelmed by unfamiliar designs. Thus, prior 
experience can shape both positive and negative atti
tudes toward the same element. A similar duality is 
shown in the social elements, such as Social Interaction 
and Leaderboards. These GDEs are valued by a minority 
of users whose Subjective Appeal leans toward compe
tition or social activities. However, these same elements 
are strongly rejected by the majority, who experience 
them as intrusive or pressuring, leading to counterpro
ductive comparisons and feelings of being judged.

This duality in rationales helps explain why some GDEs 
(e.g. Avatars or Social Interaction) elicit sharply divergent 
evaluations across users, even within the same DMHI con
text. These findings also align with extant research that 
challenges a simplistic view of GDEs as universally 
‘good’ or ‘bad’ (e.g. Almeida et al. 2023). Even within a 
single DMHI, there is no one-size-fits-all answer to the 
appropriateness of certain GDEs.

5.3. A multi-level fit perspective for GDE 
preference in DMHIs

The categorisation of our seven rationales aligns well 
with the task-(individual-) technology fit (TTF) theory 
and its extension, the technology-to-performance 

chain (TPC) model (Goodhue and Thompson 1995). 
TTF posits that the impact of a technology depends 
on its ‘fit’ with users and the task at hand (Goodhue 
and Thompson 1995). Specifically, TTF is defined as 
the correspondence between task requirements, the 
technology’s functionality, and the individual’s own 
characteristics, while TPC conceptualises TTF as an 
antecedent to user attitudes that in turn shape utilis
ation behaviour (Goodhue and Thompson 1995).

Our findings provide a contextualised extension of 
the TTF in the domain of gamification for DMHIs. 
While function-related rationales capture how the 
intrinsic functionalities of a GDE (the ‘technology’) 
afford the actions required by users, user-related ratio
nales address user characteristics, like ‘individual’ inter
ests and capabilities, and intervention-related rationales 
reflect how well those functionalities fit the ‘task’ and 
context of the DMHI. Viewed through this theoretical 
lens, the first two categories of rationales capture the 
alignment between the characteristics of a GDE and 
users’ individual needs, constituting element-individual 
fit. The intervention-related rationales, however, point 
to element-intervention fit, referring to the alignment 
between the characteristics of a GDE, especially its func
tionality, and the requirements of the intervention con
text. Our findings suggest that both forms of fit 
contribute positively to the formation of users’ GDE 
preferences. Combined with the discussion about gen
eral patterns, contextual deviations, and preference 
polarisation in the above two sections, we propose a 
layered view of fit for explaining rationales for users’ 
GDE preferences in DMHIs (see Figure 6). The model 
further highlights the importance of understanding 
user preferences by considering their role in shaping 
user behaviours (Hertzum 2025), such as the acceptance 
and continued use of gamified DMHIs.

Given the strong general patterns in GDE prefer
ences, we argue that a large part of preference is formed 
by function-related rationales, which constitute a broad 
baseline for element-individual fit, whereas user-related 
rationales capture how individual characteristics con
dition this fit. Intervention-related rationales, which 
explain deviations in preferences across contexts, add 
a second layer of element-intervention fit. This layer 
plays a crucial but more selective role, proving decisive 
only for specific GDEs in specific contexts. This layered 
perspective helps explain why some GDEs, such as 
Goals and Progress, appear almost universally valued 
(i.e. they satisfy requirements of both layers), while 
others, like Avatars or Social Interaction, are more con
tingent on context and individual differences.

Taken together, our layered model of fit suggests 
these two ‘fits’ are not equally weighted, which 
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challenges prior research that often emphasised the high 
context-sensitivity of gamification. Accordingly, this 
view highlights the need to revisit theoretical assump
tions about context sensitivity and to explore how 
different layers of fit interact in shaping user prefer
ences. Furthermore, our model also aligns with recent 
calls in gamification research for moving beyond a 
sole focus on user characteristics toward a broader con
ception of tailoring that incorporates task and contex
tual factors (Klock et al. 2020). Our findings provide 
empirical support for this direction: in DMHIs, effective 
gamification design cannot be reduced to matching 
elements with static user profiles but requires account
ing for the layered alignment of technology, task, and 
individual. Future research should therefore examine 
how multi-level tailoring strategies can be operationa
lised in DMHIs.

5.4. Implications

Based on the principal findings discussed above, our 
study yields several theoretical and practical impli
cations for research and design in gamified DMHIs 
(see Table 7).

From a research perspective, the finding of stable 
general patterns with selective contextual deviations 
challenges common assumptions about the strong con
text-sensitivity of gamification. Prior work often 
emphasises that the effects of similar gamification 

designs may vary substantially across application con
texts (Klock et al. 2020; Koivisto and Hamari 2019). 
While the contextual deviations observed in comparison 
with extant findings on user preferences (e.g. for Stories 
and Leaderboards) confirm that context matters, they 
indicate that its influence is selective rather than perva
sive. By clarifying that context does not uniformly 
reshape overall preference structures but instead mod
erates particular GDE preferences, our study refines 
the understanding of context effects in gamified IS.

In addition, the finding of certain rationales’ dual 
effects on user preferences provides an explanation for 
the mixed effects of gamification reported in prior 
research (Cheng et al. 2019; Koivisto and Hamari 
2019). The same underlying rationale can be interpreted 
in opposing ways, such that it may support or under
mine preference depending on how users interpret it. 
This perspective helps explain why ambivalent 
responses to GDEs can occur even within the same 
DMHI context and complements prior work on hetero
geneous effects of a specific GDE (e.g. Fallon et al. 2020). 
Rather than assuming that a given GDE is either ben
eficial or detrimental, our study shows that the ratio
nales underlying users’ evaluations can operate in both 
supportive and conflicting directions. This insight 
paves the way for more fine-grained research investi
gating the boundary conditions under which specific 
GDEs enhance or undermine their intended effects in 
DMHIs.

Figure 6. A layered fit model of user rationales for GDE preferences in DMHIs.
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Lastly, the layered alignment underlying GDE prefer
ence formation contextualises the TTF for the mental 
health domain and offers a structured explanatory mech
anism for understanding how gamification operates in 

mental health settings. While TTF conceptualises fit as 
the correspondence among task requirements, techno
logical characteristics, and individual attributes (Goodhue 
and Thompson 1995), our results indicate that in DMHIs, 
fit is layered and unequally weighted, emerging through 
two distinct forms: element–individual fit and element– 
intervention fit. This layered view may help account for 
both stable cross-context preferences (e.g. Progress and 
Goals via strong element-individual fit) and selective con
textual sensitivities (e.g. low preference for Leaderboards 
via element-intervention misfit), while also providing a 
basis for understanding ambivalence in user evaluations. 
The layered framework forms a theoretical basis for future 
empirical studies that seek to model how the identified 
rationales interact in shaping user evaluations and out
comes. In this sense, it contributes not only descriptive 
insight into preference formation, but also a fundamental 
structure to guide subsequent explanatory and causal 
research on gamified DMHIs.

From a practical perspective, these findings provide 
guidance on how user preferences can inform gamifica
tion design in DMHIs. The presence of stable cross-con
text preference patterns suggests that not all GDEs 
require extensive contextual redesign, whereas GDEs 
whose preference patterns vary across settings warrant 
greater contextual attention in design decisions. In 
addition, because some GDEs are likely to activate oppos
ing interpretations among users, they are better offered as 
optional rather than mandatory components in DMHIs. 
More broadly, evaluating gamification in mental health 
contexts benefits from going beyond engagement metrics 
alone and considering whether individual GDEs align 
with the intervention task, the therapeutic logic of the set
ting, and relevant user characteristics.

5.5. Limitations and future research

This study is not without limitations, which at the same 
time provide valuable avenues for future research. First, 
participants were introduced to GDEs through mockups 
and descriptions rather than within a real functioning 
system. Although user preference serves as an appropri
ate antecedent for user behaviour (Goodhue and 
Thompson 1995), users’ actual behaviour may deviate 
from self-reported preferences. In this regard, it would 
also be worthwhile to validate whether users’ self- 
reported GDE preferences and actual engagement with 
GDEs turn out to be consistent or not. Second, our 
study focused on app-based DMHIs, which represent 
only one of several technological enablers through 
which GDEs can be delivered. Gamification in this 
domain can also be realised through more immersive 
or embodied digital formats, such as extended reality 

Table 7. Implications of the study.
Principal findings Theoretical implications Practical implications

Stable general 
patterns with 
selective 
contextual 
deviations

. Refines prior 
assumptions about the 
high context- 
sensitivity of 
gamification by 
showing that context 
functions as a selective 
moderator of specific 
design rather than as a 
dominant determinant 
of overall preference 
structures

. Distinguishes between 
GDEs with stable cross- 
context preference 
hierarchies and GDEs 
subject to context- 
specific shifts, thereby 
clarifying where 
context effects are 
likely to matter in 
gamified IS

. Provides guidance for 
distinguishing 
between GDEs with 
stable cross-context 
acceptance and those 
showing context- 
dependent variation

. Suggests directing 
the contextual design 
effort toward GDEs 
with context- 
dependent 
preferences

Dual evaluative 
potential of 
rationales

. Demonstrates that 
rationales underlying 
GDE preferences can 
carry dual evaluative 
potential, such that 
the same rationale 
may support or 
undermine preference 
depending on how it is 
interpreted by users

. Provides a structured 
explanation of 
ambivalent responses 
to GDEs in DMHIs and 
establishes a 
foundation for a more 
in-depth investigation 
of the boundary 
conditions for the 
effectiveness of GDEs 
in DMHIs

. Indicates that GDEs 
likely to activate 
opposing 
interpretations 
among users are 
better offered as 
optional rather than 
mandatory 
components in DMHIs

Layered 
alignment 
underlying GDE 
preference 
formation

. Shows that users’ GDE 
preference formation 
in DMHIs reflects 
simultaneous 
alignment at 
functional, contextual, 
and individual levels, 
rather than a single 
dominant source of fit

. Contextualises the TTF 
perspective to 
gamified DMHIs by 
distinguishing 
element–individual fit 
and element– 
intervention fit and 
showing how these 
jointly shape users’ 
attitudes toward GDEs

. Encourages DMHI 
designers to move 
beyond evaluating 
gamification primarily 
in terms of 
engagement effects, 
and to consider how 
GDEs align 
functionally with the 
intervention task, 
contextually with the 
therapeutic logic, and 
individually with 
users’ characteristics
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or wearable-based interventions, which differ in their 
modes of interaction and the experiences they can sup
port. These differences may shape which GDEs users 
prefer and why. Future research could examine whether 
the preference rationales identified in this study and the 
proposed layered fit perspective remain applicable across 
different technology enablers. Third, each GDE was rep
resented by a single visualisation and description, 
whereas in practice, these elements allow for diverse 
design variations. The chosen representation likely 
influenced participants’ evaluations. Investigating differ
ent design variants of the same GDE could yield deeper 
insights into why some elements are less preferred and 
how their design could be improved. Fourth, our analy
sis focused on GDEs in isolation, whereas in practice, 
these elements are often implemented as bundles or 
combinations. Synergistic or conflicting effects can 
emerge from the interplay between GDEs. Future work 
could investigate GDE combinations to understand 
how they collectively shape user perception. Fifth, our 
analysis of rationales relied on responses to a single 
open-ended survey question. Compared to existing 
BWS studies on users’ GDE preferences, we are the 
first to take this step of capturing users’ rationales for 
their preferences, and we complemented participants’ 
qualitative statements with insights from statistical ana
lyses of the BWS data. Despite the value of these initial 
insights, future research could build on this work by 
employing more extensive qualitative approaches, such 
as in-depth interviews or expert panels, to explore 
these mechanisms in greater depth. Such qualitative 
exploration could also inform subsequent larger-scale 
empirical investigations that further examine how and 
under which conditions specific GDEs influence user 
engagement in DMHIs. Finally, this study focuses on 
understanding the rationales underlying users’ prefer
ences for GDEs in the context of DMHIs and, therefore, 
considers a broad user population rather than focusing 
on specific subgroups. While the study shows that 
user-related factors influence the formation of prefer
ences, it does not explicitly examine how preferences 
may differ across particular demographic, clinical, or 
cultural groups. The conceptual insights derived from 
the identified rationales and the proposed framework 
may provide a broadly applicable lens for understanding 
how user preferences for GDEs emerge across different 
user populations. However, future research focusing on 
specific user populations or applications in particular 
markets should carefully consider the potential limits 
to the generalizability of the empirical preference rank
ings reported in this study and may conduct more tar
geted investigations to examine how preferences for 
GDEs vary across different user segments.

6. Conclusion

Gamification has often been discussed as a promising 
strategy to sustain engagement in DMHIs. However, 
its design has largely relied on assumptions borrowed 
from other domains, such as education or marketing, 
with little research on its specific suitability for this sen
sitive domain. By examining user preferences across five 
DMHI application contexts and uncovering the ratio
nales behind them, this study demonstrates that gamifi
cation in DMHIs follows its own logic. Preferences here 
are neither uniform nor easily transferable but emerge 
from a layered interplay between what elements 
afford, what intervention contexts demand, and what 
users themselves value. This perspective challenges the 
tendency to view GDEs as universally effective and 
calls instead for approaches that embrace ambivalence 
and accommodate diversity. By doing so, the field can 
help bridge the critical gap between the vast potential 
of DMHIs and their real-world impact, ensuring that 
the interactive technologies we build are not only enga
ging but genuinely supportive of well-being.
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Appendices

Appendix A: Selection of the Investigated Game 
Design Elements

To decide which GDEs were used in our survey, we syn
thesised (1) the findings from extant literature reviews regard
ing gamification in DMHIs (Brown et al. 2016; Cheng et al. 
2019; Hoffmann, Christmann, and Bleser 2017) and (2) the 
chosen GDEs of previous BWS studies on users’ GDE prefer
ences in the health-related context (Berger et al. 2023; Berger 
and Jung 2024; Schmidt-Kraepelin et al. 2019). Table A1 sum
marises the selected GDEs with their sources and the descrip
tions provided to participants in our survey.

Table A1.  The selected game design elements for the BWS- 
based surveys.

GDE Description
Sources

1 2 3 4 5 6
Avatars An avatar represents the user 

through a virtual character 
and can be designed by 
users regarding their own 
preferences (Hoffmann, 
Christmann, and Bleser 
2017).

✓ ✓ ✓ ✓

Badges Badges belong to digital 
rewards and can be unlocked 
by fulfilling a specific goal, 
which is normally outside 
the scope of the core 
activities (Hamari 2017).

✓ ✓ ✓ ✓ ✓ ✓

Goals Goals are often implemented 
as challenges or quests to 
orientate users with a clear 
path of desired tasks and 
activities (Sardi, Idri, and 
Fernández-Alemán 2017).

✓ ✓ ✓ ✓

Leader- 
boards

A leaderboard displays users’ 
rank with regard to their 
peers based on specific 
criteria, such as performance 
(Sardi, Idri, and Fernández- 
Alemán 2017).

✓ ✓ ✓ ✓

Levels Levels provide information on 
the advancement of users 
regarding the overall 
performance (Hoffmann, 
Christmann, and Bleser 
2017).

✓ ✓ ✓ ✓ ✓

Points Points are credits accruing 
from users’ participation and 
performance (Sardi, Idri, and 
Fernández-Alemán 2017).

✓ ✓ ✓ ✓ ✓ ✓

Progress Progress refers to a mechanic 
that shows the progression 
of users’ achievements in a 
task or activity (Thiebes, Lins, 
and Basten 2014).

✓ ✓ ✓ ✓ ✓

Social  
interaction

Social interaction enables users 
to communicate with each 
other, including but not 
limited to sharing activities, 
commenting on others’ 
achievements, and 
supporting each other 
(Hoffmann, Christmann, and 
Bleser 2017).

✓ ✓ ✓ ✓ ✓

Stories Stories give users the 
possibility to experience a 

✓ ✓ ✓ ✓ ✓

(Continued ) 
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Table A1. Continued.

GDE Description
Sources

1 2 3 4 5 6
sequence of narrative events 
while performing an activity 
or task (Schmidt-Kraepelin 
et al. 2019).

Virtual 
goods

Virtual goods are a form of 
rewards in gamification and 
usually implemented as 
intangible objects that can 
be earned (Schmidt- 
Kraepelin et al. 2019).

✓ ✓ ✓ ✓ ✓

1: Brown et al. (2016) 2: Cheng et al. (2019); 3: Hoffmann, Christmann, and 
Bleser (2017); 4: Berger et al. (2023); 5: Berger and Jung (2024); 6: Schmidt- 
Kraepelin et al. (2019)

We had to limit our study to the ten most relevant GDEs to ensure feasibility 
because the number of required choice sets depends on the number of 
incorporated objects. In addition, we scrutinised the implemented GDEs 
in some of the most popular DMHI applications on the market (e.g. Head
space, Sleep Cycle, Wysa, Mood Tracker: Self-Care Habits, Recovery Record). 
We did not encounter any additional elements that we had not considered 
before. Oriented toward extant research and practice findings, this selec
tion aims to produce comparable results of users’ preferences in different 
contexts.

Appendix B: scenario introductions and mockups 
presented in the surveys

At the beginning of each survey, we provided an introductory 
scenario describing the respective application context with 
illustrative mockups of GDEs. These materials are presented 
below.

Mindfulness practice
Imagine using a mobile app to learn and practice mindfulness 
and meditation. Within the app, you can follow various med
itation classes that include building awareness, managing 
stress, or coping with adverse life events. Meditation classes 
are held by meditation experts. The app allows you to track 
your progress over time (e.g. amount of sessions, meditated 
minutes, daily mood) and supports its users in building a 
habit of meditating and being mindful. However, the app is 
not intended to accompany the therapy of specific mental 
health problems.
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Sleep tracking
Imagine that you are using a mobile application to help you 
develop good sleep habits. You need to set a target time to 
go to sleep and wake up. At the target time you set for bed
time, the app will remind you that it’s time to go to sleep, 
and each morning you need to open the app and complete a 
check-in when you wake up. The app will track your sleep 

time and you can check your recent record at any time. It 
will also provide you with some aids (like white noise and bed
time stories) to help you fall asleep before you go to sleep. 
However, the app does not treat severe insomnia symptoms, 
but only helps you improve your sleep habits and reduce 
your dependence on your electronic devices before bedtime.

General mental health counselling
Imagine using a mobile app to address and improve your mental 
health. Within the app, you can have sessions with your thera
pist, participate in group sessions, or watch learning videos on 

specific mental health issues. The app allows you to track your 
progress over time (e.g. number of sessions, type of sessions, 
learning effect after session). The different types of sessions are 
arranged online and then take place via a video call.
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Mood tracking
Imagine using a mobile app to log your mood. In the app, you 
can write entries, get statistics on your mood, define personal 
goals, and archive your entries. The app allows you to record 

your mood and track consistency over time. The app also 
allows you to identify triggers of bad mood or stress. Never
theless, the app is not intended as a substitute for professional 
therapy for existing mental illnesses.
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Eating disorder recovery
Imagine using a mobile app to manage your recovery from an 
eating disorder. Within the app, you can keep a record of meals, 
thoughts, and feelings, earn rewards, learn coping skills, and 
connect with other people on the same journey. The app allows 

you to track your progress over time (e.g. daily logged meals, 
reached goals) and supports you in forming better eating habits 
and developing useful coping skills. The app is intended to 
accompany the therapy of eating disorders but doesn’t claim 
to be a substitute for professional therapy.
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