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ABSTRACT
Despite the indisputable personal and societal benefits of regular
physical activity, a large portion of the population does not follow
the recommended guidelines, harming their health and wellness.
The World Health Organization has called upon governments, prac-
titioners, and researchers to accelerate action to address the global
prevalence of physical inactivity. To this end, an emerging wave
of research in ubiquitous computing has been exploring the poten-
tial of interactive self-tracking technology in encouraging positive
health behavior change. Numerous findings indicate the benefits
of personalization and inclusive design regarding increasing the
motivational appeal and overall effectiveness of behavior change
systems, with the ultimate goal of empowering and facilitating peo-
ple to achieve their goals. However, most interventions still adopt a
“one-size-fits-all” approach to their design, assuming equal effective-
ness for all system features in spite of individual and collective user
differences. To this end, we analyze a corpus of 12 years of research
in self-tracking technology for health behavior change, focusing
on physical activity, to identify those design elements that have
proven most effective in inciting desirable behavior across diverse
population segments. We then provide actionable recommenda-
tions for designing and evaluating behavior change self-tracking
technology based on age, gender, occupation, fitness, and health
condition. Finally, we engage in a critical commentary on the di-
versity of the domain and discuss ethical concerns surrounding
tailored interventions and directions for moving forward.

CCS CONCEPTS
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools; HCI design and evaluation meth-
ods; HCI theory, concepts and models; • Applied computing →

Consumer health.
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metadata analysis, persuasive systems design, health behavior change,
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1 INTRODUCTION
According to the World Health Organization (WHO), regular physi-
cal activity is amongst the determinants of good population health,
generating significant personal and societal benefits. However,
worldwide, 1 in 4 adults and 3 in 4 adolescents do not engage
in regular physical activity, contributing to what has been coined as
the “inactivity pandemic” [42]. To join the fight against the global
prevalence of physical inactivity, technological innovations need to
motivate individuals who are not sufficiently active to incorporate
regular exercise into their daily routine. Research has shown that
interactive technology can incite desirable health behavior change
(HBC) in terms of healthy nutrition, regular physical activity, and
disease management, among others [33, 47]. Ultimately though,
physical activity interventions are the most prevalent among all
HBC technological interventions, accounting for more than 1 out
of 3 publications in the related literature [17].

On the same note, emerging, ubiquitous self-tracking technology
(ST) has been a game-changer for health and wellness promotion,
focusing on physical activity. ST refers to “the practice of gather-
ing data about oneself on a regular basis and then recording and
analysing the data to produce statistics and other data (such as
images) relating to regular habits, behaviours and feelings” [32,
§1]. The philosophy behind it is that continuous monitoring can
raise awareness regarding the user’s behavioral patterns, whether
beneficial or detrimental for their health, and assist them with im-
proving their overall health outcomes. In recent years, a substantial
amount of HCI research has been directed towards the design of
such technologies, demonstrating the benefits and the persuasive
power of strategically-designed ST for HBC [17]. However, despite
the abundance of research studies in the field, prior work still has
limitations in terms of system inclusive design, scattered domain
knowledge, and technology abandonment.

Specifically: (i) The “one-size-fits-all” mentality is still preva-
lent in the majority of ST interventions’ design; however, it might
not always be fair across user segments. According to Monteiro-
Guerra et al. [37], interactive technology has not yet reached its
full potential in terms of personalization and inclusive design, lack-
ing context awareness, despite the great potential of personalized
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approaches in inciting positive HBC. (ii) There is scattered knowl-
edge concerning ST interventions adopting a diversity per-
spective. It is unclear which kinds of personalization strategies
exist, how to implement them in practice, and which of those strate-
gies hold the most persuasive power for diverse user segments. In
other words, given the large number of available system features
(e.g., goal-setting, reminders) and related literature, it is unclear
whether different features have different motivational appeal and,
consequently, effectiveness in promoting an increase in physical ac-
tivity or not. (iii) The adoption of ST might be widespread, but tech-
nology abandonment is far from a rare phenomenon. White
papers report varied attrition rates for ST, ranging from 30% to 70%
[20, 43]. While these numbers are not conclusive, they highlight
the need for continuous evaluation of the user experience. How-
ever, there exist limited guidelines on personalizing the different
performance metrics for diverse user groups.

The limitations above highlight the importance of viewing the
HBC domain through the lens of diversity and inclusive design, a
perspective rarely explored in related literature. This paper aims to
address this gap by conducting an exhaustive analysis and synthesis
of prior knowledge accumulated in and expressed through two
primary datasets (metadata analysis). While these data capture a
comprehensive picture of the knowledge in the domain, they have
never been analyzed through a diversity perspective, leading to the
identification of personalization guidelines for HBC interventions.
Specifically, our contributions are as follows:

C1 - Diversity analysis of ST feature effectiveness:
We identify the most effective persuasive elements of ST, as
per the Persuasive Systems Design (PSD) framework [41],
based on the reported results of 117 prior interventions, to-
taling 6 million participants, stretching over 12 years (2008-
2020). To achieve this, we conduct a previously unexplored
personalized metadata analysis of the “PAST SELF” open cor-
pus [52, 53], where we compare the effectiveness of certain
persuasive strategies and feature groups between diverse
user segments, as well as the general population. Among
others, we unveil that rewards barely hold any persuasive
power for the elderly, opposite to the general population, or
that social support strategies have a much stronger positive
effect on gender-targeted interventions than mixed-gender
interventions. We also identify unexplored dimensions in
existing studies, which can serve as guidelines for future
research in inclusive HBC interventions, focusing on physi-
cal activity. Through this contribution, we surface biases in
ST design and move beyond the “one-size-fits-all” approach,
comparing the persuasive power of ST features for diverse
user segments by synthesizing metadata extracted from prior
research.

C2 - Inclusive ST design & evaluation recommendations:
We compare and contrast feature effectiveness and persua-
sive power among user groups of varying demographics, in
terms of age, gender, occupation, fitness level, and health con-
dition. The findings of this analysis reveal potential design
and evaluation recommendations for fairer, more inclusive

ST. Among others, our findings unveil the benefits of inte-
grating human conversational agents or avatars in elderly-
targeted ST interventions, given the high effectiveness of
the “Similarity” persuasive strategy for this user segment
and the exploitation of discussion forums and chatting func-
tionality for gender-targeted interventions due to the high
effectiveness of the “Social Learning” persuasive strategy
in prior work. We accompany the aforementioned design
recommendations with different sets of evaluation metrics
that are better suited for certain feature and user groups. Fol-
lowing prior literature [31], we encourage a multi-faceted
evaluation beyond quantitative data analysis by incorpo-
rating self-reported and qualitative metrics, as well as con-
textual factors and metadata, capturing multiple aspects of
user engagement. Through this contribution, we facilitate
researchers and practitioners in designing and evaluating
the ST user experience with the ultimate goal of providing
inclusive functionality to avoid increased attrition rates.

We structure the remaining of this paper as follows: Section 2
discusses HBC theories and their application for ST design. Sec-
tion 3 introduces the methodology of our metadata analysis, while
Section 4 presents and discusses our findings regarding feature ef-
fectiveness and evaluation for diverse user groups. Finally, Section
5 concludes our work and touches upon ethical implications and
privacy concerns of personalization in personal informatics.

2 RELATEDWORK
This section presents related work in the field of ST design for
HBC. Section 2.1 discusses behavior change theories within the
ubiquitous computing domain, focusing on the PSD framework,
which is crucial for our work. Section 2.2 presents literature reviews
and meta-analyses, revealing current challenges and the novelty of
the presented work.

2.1 Behavior Change Theories
Ubiquitous computing and HCI researchers and practitioners have
long understood the importance of theoretically founded design,
designing, and implementing technological interventions inspired
by numerous psychology, behavioral science, sports science, and
behavioral economics theories. Behavior change theories can pos-
itively affect ST by informing design, guiding evaluation, and in-
spiring alternative experimental designs [23]. Some of the most
widely-used theories in the domain [53] include the Social Cogni-
tive Theory [46], the Behaviour Change Technique Taxonomy [36],
the Transtheoretical Model [44] and the Self-Determination Theory
[15].

While behavior change theories provide indispensable high-level
guidance, they do not describe how their theoretical concepts could
be translated into real-world ST, leaving the interpretation to the
respective researcher or practitioner. To bridge this gap, Oinas-
Kukkonen and Harjumaa [41], among others, introduced the widely
adopted PSD framework. PSD describes the content and function-
ality required in a behavior change product or service to increase
its persuasive power. In particular, the PSD framework defines
four persuasive strategies categories, i.e., primary task support, di-
alogue support, credibility, and social support; each having seven
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sub-groups within. However, personalization is out of the scope of
the PSD framework, which adopts an “one-size-fits-all” approach.
To address this limitation, we build upon the PSD taxonomy to
conduct our metadata analysis, as described in Section 3, from a
user diversity perspective.

2.2 ST Reviews and Meta-analyses: Design
Space, Limitations & Open Questions

The exploitation of ubiquitous ST for increasing physical activity
or decreasing sedentary behavior is an emerging field of study
gathering growing scientific interest [17]. Thus, it is no surprise
that numerous mapping and literature reviews and meta-analyses
have attempted the synthesis of the aforementioned primary study
results. Nevertheless, the majority do not adopt a diversity perspec-
tive.

A wave of research occupies itself with interventions targeting
a specific user segment or PSD strategy. For instance, there exist
reviews targeting users with specific traits, such as age [1, 16, 45],
race [38], occupation [6], or physical and mental health conditions
[39, 40, 49]. Others assess the effectiveness of specific behavior
change techniques or ST features, such as gamification [22], chat-
ting functionality [10], or virtual and physical rewards [50], social
sharing [18], or the application of machine learning [51] on the
activity levels of individuals. However, contrary to the comprehen-
sive nature of our work, the exact targeting of such works does
not allow for comparative analysis between different population
segments of persuasive strategies.

Adopting a comparative approach, a number of studies consider
broader inclusion and exclusion criteria for their primary studies,
incorporating multiple user segments and functionalities. For in-
stance, Epstein et al. [17] published an exhaustive mapping review
of the personal informatics literature, seeking to answer questions
related to identifying areas of interest within personal informatics,
tracking motivations, challenges, ethical concerns, and scientific
contributions. While these reviews significantly contribute to the
domain, their scope is orthogonal to our analysis, as they rely on
empirical data to provide high-level guidelines. In contrast, our
work is entirely data-driven, analyzing the outcomes of 12 years of
related literature to unveil inclusive design and evaluation recom-
mendations. On a similar note, Matthews et al. [34] and Aldenaini
et al. [2] published systematic reviews assessing the effectiveness
of mobile-application-based interventions in motivating physical
activity identifying novel research directions. However, they nei-
ther assess the effectiveness of individual persuasive strategies nor
personalize their recommendations to specific user groups. To ad-
dress the first limitation, Aldenaini et al. [3] published a follow-up
systematic review, evaluating the effectiveness of individual persua-
sive strategies in promoting physical activity. Similar to our work,
they categorize intervention components under the PSD frame-
work and report success rates per technique. However, they do not
adopt a diversity perspective assuming equal effectiveness across
diverse users. Closer to our work, Yfantidou et al. [53] conducted a
literature review of HBC ST interventions for increasing physical
activity. Among others, they presented an assessment of the per-
suasive power of the PSD strategies based on the reported results of
prior literature through the so-called “PAST Score”, an effectiveness

indicator. By exploiting the open-access corpus of this work [52],
we attempt the diversification of the “PAST Score”, through our
research methodology presented in Section 3, and the presentation
of guidelines for the design and evaluation of inclusive ST systems
that are tailored to the needs and the goals of their users.

3 METHODOLOGY
This section presents the methodology of our metadata analysis
of two primary research studies from a user diversity perspective.
Specifically, we utilize the open access “PAST SELF” corpus [52]
and the PSD framework [41] to assess ST feature effectiveness, and
provide guidelines for personalized system design and evaluation.
The PSD Framework.Asmentioned in Section 2.1, the PSD frame-
work introduces 28 persuasion strategies grouped into four cate-
gories, namely, primary task support, dialogue support, credibility,
and social support. PSD is a widely-adopted framework making
it easier to compare our results with related meta-analyses and
reviews [3], while it also enables us to compare and contrast pri-
mary studies integrating different theoretical elements by utilizing
common constructs, i.e., the PSD strategies. We utilize an extended
version of PSD to capture all persuasive strategies encountered
in the studied literature. Specifically, we consider strategies, such
as goal-setting, general information provision, punishment, and
variability, which are not present in the original taxonomy (cate-
gory “Other” from here onward). Goal-setting refers to system- or
user-defined physical activity goals for the users to achieve; general
information provision refers to sharing information with the users
regards physical activity, health and general well-being; punish-
ment refers to negative treatment for under-performance or failing
to achieve preset goals; and variability refers to the system’s ability
to provide a variable experience to the user through variable re-
wards, game elements, interfaces, and hidden tasks. For definitions
for the PSD framework’s original strategies, see [41].
The “PAST SELF” Corpus. On a similar note, the “PAST SELF”
Corpus is a rich source of metadata for 117 primary studies, con-
taining information about the PSD strategies encountered in the
included literature, as well as intervention characteristics and sam-
ple demographics for all studies (35 encoded fields in total). Note
here that the corpus provides a complete overview of the literature
in the domain for more than a decade. The corpus definition follows
a systematic methodology to ensure the quality of included studies,
based on the guidelines introduced by Kitchenham’s [27] widely
recognized protocol for conducting systematic reviews. To locate
the primary studies, the authors perform a broad search in Google
Scholar, Scopus, IEEE Xplore, and Web of Science digital libraries
utilizing a well-defined boolean search query fine-tuned according
to the guidelines of Spanos and Angelis [48]. Overall, the authors
screened 16774 articles after duplicate elimination, of which they
removed 374 based on date criteria, 15112 based on the title, and
802 based on the abstract. After a full-text read of the remaining
546 articles, they excluded 429 articles based on predefined inclu-
sion/exclusion criteria. Hence, 117 articles synthesized the final
corpus. Inclusion criteria required a peer-review process, English
language, a clearly-defined user intervention utilizing a ubiquitous
device, and a quantitative assessment of the intervention’s results.
For our metadata analysis, we utilize the following subset of fields:
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• Intervention Duration (in weeks): The intervention duration
in number of weeks;

• Sample Size: The number of participants in the study;
• Male: The number of male participants in the study;
• Special Criteria: Any special criteria of the participants, e.g.,
health condition;

• PSD - Primary Task Support: The Primary Task Support
elements present in the intervention;

• PSD - Dialogue: The Dialogue elements present in the inter-
vention;

• PSD - System Credibility: The System Credibility elements
present in the intervention;

• PSD - Social Support: The Social Support elements present
in the intervention;

• Independent Variable: All PSD strategies utilized in the in-
tervention;

• Positive Result: A number from the set [-1, -0.5, 0, 0.5, 1], de-
pending on the success of the intervention (-1 for statistically
significant negative result and 1 for statistically significant
positive result).

Table 1: Notation for the score generation functions of the
personalized “PAST Score”.

Notation Explanation
ti Technique i , ti ∈ {1, 2, . . . , 32}
npapers Total number of papers
pi, ju Paper j of intervention with user sample u with technique i , 1 if technique i appears in paper j, 0 otherwise
ri, ju Result of paper j of intervention with user sample u with technique i , ri, j ∈ {−1,−0.5, 0, 0.5, 1}
w The preferred weight for the PAST_score,w ∈ [0, 1]

The Personalized PAST Score. Based on the encoded metadata,
[53] calculates the so-called “PAST Score”, an indicator of the effec-
tiveness of each PSD strategy for the general population. However,
we tweak the original formulas by introducing a personalization
criterion moving beyond the “one-size-fits-all” approach. PAST
score defines the efficacy and frequency of a technique ti (based
on literature results) for the general population. We extend this,
and define the efficacy of the technique ti for the user segment u,
as the sum of the coded results of the u-sampled interventions the
technique appears in, divided by the number of these papers, and
the frequency of the technique ti , as the number of u-sampled in-
terventions that the technique appears divided by the total number
of papers for this segment (for notations see Table 1):

efficacy(ti ,u) =
∑
ju ri, ju∑
ju pi, ju

and frequency(ti ,u) =
∑
ju pi, ju∑
ju pju

(1)

The scores are normalized in the [+1,+5] interval for comparison
purposes. Note here that each metric has its shortcomings, hence
we report the metrics combined (i.e., PAST Score) but also sepa-
rately in Section 4. Specifically, efficacy alone can be misleading,
since a rare strategy that appears in a single study with positive
results would get a maximum score, ignoring its generalizability
capacity. To overcome this shortcoming, we also utilize a strat-
egy’s frequency, as an indicator of confidence in the strategy’s
persuasiveness capacity. However, frequency alone would punish
rare but potentially ground-breaking results, while over-rewarding
commonly used strategies. The final score for a technique is a com-
bination of its reported personalized efficacy and usage frequency
in the investigated papers. For our analysis, in equation 2, we as-
sume a weight of w = 0.5, i.e., equal importance for efficacy and

frequency. Specifically:

Personalized_PAST_Score(ti ,u) = w ∗ efficacy(ti ,u) + (1 −w) ∗ frequency(ti ,u) (2)

Based on the personalized version of the “PAST Score”, we then
assess the effectiveness of different PSD strategies for diverse seg-
ments of the population. For each segment, we also compare PSD
effectiveness with the general population. Additionally, we provide
a comparison between large-scale interventions (sample size > 50
or intervention duration > 10 weeks) versus all included interven-
tions to explore potential similarities and differences between them.
Specifically, we choose to analyze population segments defined by:
age (children, adolescents, elderly, mixed), gender (male, female), oc-
cupation (office workers, university students), fitness and physique
(inactive population, overweight and obese population), and health
condition (patients with cancer, diabetes type 2 or heart disease).
The Evaluation Dimensions. To provide comprehensive guid-
ance for HCI and ubiquitous computing researchers and practition-
ers, we accompany the PSD effectiveness with indicative features
and evaluation metrics. We consider a spectrum of evaluation di-
mensions, measuring different qualities of the user experience, in-
spired by the work of Lalmas et al. [31]. Based on the findings of our
analysis, we recommend a combination of the following evaluation
dimensions to capture the various aspects of user experience with
ST. Specifically, we consider four distinct aspects:

Perceived Self Aspect: the user’s self-reported image of their
everyday experiences, as well as psychological, technolog-
ical, social, and health factors, usually measured through
qualitative evaluation methods;

Physical Self Aspect: the user’s physical reaction to the in-
teraction with the system, which can be interpreted as the
physical activity performed in response to the system’s in-
tervention

Behavioral Self Aspect: the user’s behavioral response to the
system, calculated via user-system interaction metrics, such
as wear-time and session duration

Environmental Aspect: the external factors that affect the
user’s interaction with the system and the execution of the
desired behavior, such as weather or location.

4 ANALYSIS RESULTS & DISCUSSION:
INCLUSIVE FEATURE EFFECTIVENESS &
EVALUATION

This section discusses the most effective PSD strategies per pop-
ulation segment based on the personalized “PAST Score”. It also
unveils the unexplored “corners” of the ST design space for diverse
segments, identifying research gaps to motivate future work in the
field (Section 4.1). In the meantime, it provides a set of recommenda-
tions of indicative system features and matching evaluation metrics
that are best suited for each use case and user segment (Section 4.2).

4.1 PSD Strategies Effectiveness from a
Personalized Perspective: Across
Population Segments

According to [53], interventions that have utilized self-monitoring,
goal-setting, and rewards tend to have higher success rates, indicat-
ing the effectiveness of such persuasive strategies for the general
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population. As a first extension, we explore the correlation between
the extended PSD framework strategies’ effectiveness (expressed
through the personalized “PAST Score”) and the different population
segments (Figure 1). Naturally, the aforementioned PSD strategies
show higher effectiveness (red-like colors) across most population
segments. Specifically, self-monitoring has a high or very high per-
sonalized “PAST Score” (+4 or +5) for 75% of user segments and
goal-setting and rewards for almost 70%. In Section 4.2 we will
discuss possible exceptions to the rule. Overall, high scoring strate-
gies (+4 and +5) are rare accounting for 14% of the heat map, with
medium (+3), and low or very low (+2 and +1) scoring strategies
accounting for 13% and 74%, respectively. High-scoring strategies
also tend to belong to certain categories. We notice that the “Dia-
logue” and “Primary Task Support” strategies show overall higher
effectiveness (µ = 2.33, σ = 1.39 and µ = 2.13, σ = 1.39) com-
pared to “Other” (µ = 2.00, σ = 1.51), “Social Support” (µ = 1.84,
σ = 0.98) and “System Credibility” (µ = 1.13, σ = 0.38) across
multiple segments.
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Figure 1: A heat map of persuasive strategies effectiveness
(in terms of PAST Score) versus population segments. Blue
color indicates lower effectiveness (1-2), while beige and red
colors indicate medium (3) and high (4-5) effectiveness, re-
spectively. The “Other” category indicates strategies of the
extended PSD taxonomy.

It is important to note here that lower scores are not necessarily
indicators of low effectiveness but also unexplored research do-
mains. This is because the “PAST Score” incorporates a strategy’s
frequency into the scoring function; hence novel or unexplored
strategies might appear with lower scores. While this might seem
like a disadvantage at first, incorporating frequency is essential to
avoid over-rewarding infrequent techniques for individual positive
results. However, researchers and practitioners are encouraged to
adapt the weight parameter,w , to their application’s needs.

To this end, in Figure 2, we present an alternative version of
the heat map presenting the frequency scores of each PSD strat-
egy across population segments (w = 0). Immediately, we can see
that all “System Credibility” strategies without exception have a
meager frequency score (+1). Similarly, 3 out of 4 “Other” strategies
(except for goal-setting) also have a very low frequency. Even in
the popular categories, there are PSD strategies that have been
barely experimented with. For instance, social facilitation (6% of
population segments above very low frequency), and normative
influence (12%) from the “Social Support” category, social role (6%),
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Figure 2: A heat map of persuasive strategies frequency
score versus population segments.

TaxonomyPSD Strategy

Population Segment

G
en
er
al
 P
op
ul
at
io
n

Ch
ild
re
n

A
do
le
sc
en
ts

El
de
rl
y

In
te
rg
en
er
at
io
na
l

M
en
 o
nl
y

W
om
en
 o
nl
y

U
ni
ve
rs
it
y 
St
ud
en
ts

O
ffi
ce
 W
or
ke
rs

In
ac
ti
ve
 P
op
ul
at
io
n

O
ve
rw
ei
gh
t/
O
be
se

Po
pu
la
ti
on

In
ac
ti
ve
 o
r

O
ve
rw
ei
gh
t/
O
be
se

Ca
nc
er
/D
ia
be
te
s/
H
ea
rt

D
is
ea
se
 P
at
ie
nt
s

La
rg
e 
Sa
m
pl
e 
(>
50
)

Lo
ng
 D
ur
at
io
n 
(>
10
w
)

Lo
ng
 D
ur
at
io
n 
an
d

La
rg
e 
Sa
m
pl
e

Primary
Task
Support

Personalization
Reduction
Rehearsal
Self-monitoring
Simulation
Tailoring
Tunneling

Dialogue Liking
Praise
Reminders
Rewards
Similarity
Social Role
Suggestion

Social
Support

Competition
Cooperation
Normative Influence
Recognition
Social Comparison
Social Facilitation
Social Learning

System
Credibility

Authority
Expertise
Real-world Feel
Trustworthiness

Other General Information
Goal Setting
Punishment
Variability

Heatmap of Personalized Efficacy

Figure 3: A heat map of persuasive strategies efficacy ver-
sus population segments..

similarity (6%), and liking (0%) from “Dialogue”, and finally, simu-
lation (6%) and rehearsal (0%) from “Primary Task Support”. Note
that a percentage of 0% strategies above very low frequency does
not necessarily indicate a full absence of related interventions but
potentially minimal experimentation. Similarly, there exists an im-
balance in the number of interventions exploiting various PSD
strategies between different population segments. For example,
women-targeted interventions are more common and diverse than
men-targeted ones (31% of PSD strategies above very low frequency
vs. 10%). Also, popular samples include inactive or overweight and
obese populations (48% of PSD strategies above very low frequency)
and office workers (38%). On the contrary, intergenerational and
children-based interventions are rarer and more monotonous, as
only 20% of PSD strategies have above very low frequency score
for these segments. Given this intuition, we can deduce that cer-
tain PSD strategies, such as those under “System Credibility” and
“Other”, or user segments, such as men and children (see note on
ethics in Section 5) offer fertile ground for further exploration. On
the contrary, other strategies, such as goal-setting and rewards,
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or user groups, such as women and office workers, have received
ample scientific attention.

Figure 3 presents the opposite heat map, where we completely
exclude the frequency factor from the personalized “PAST Score”
(w = 1), accounting only for reported efficacy. We notice that de-
spite the significant lack of “System Credibility” strategies in the
related literature, some show very high efficacy scores (+5) for cer-
tain population segments, e.g., real-world feel for adolescents or
authority for office workers. This suggests that future self-tracking
interventions incorporate these previously considered secondary
features. Similarly, we notice that even techniques with low “PAST
Score” for the general population show high or very high efficacy
(+4 or +5) for certain segments, such as rehearsal for university
students (+4 in efficacy compared to +1 generic “PAST Score”), lik-
ing for the elderly, and intergenerational interventions (+5 and +4
from +2), or rehearsal for university students (+4 from +2). Such
visualization provides us with incites about less tested but promis-
ing and potentially ground-breaking PSD strategies that pave the
ground for future work in inclusive HBC interventions focusing on
physical activity.
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Figure 4: A scatter plot of efficacy scores (x-axis) versus fre-
quency scores (y-axis) for each PSD strategy for the general
population.

Summing up, Figure 4 gives us an overview of the comparison
between PSD strategies’ frequency (y-axis) versus efficacy (x-axis)
in prior literature for the general population. Each circle in the fig-
ure represents one or more PSD strategies (overlapping strategies
are shown as pie chart pieces). We notice that the most popular
techniques, e.g., self-monitoring and goal-setting, ultimately show
overall medium efficacy. At the same time, some popular techniques
in commercial self-tracking devices, i.e., praise or competition, show
overall low efficacy. Some others (see bottom left part of the plot)
appear to be inefficient; however, this may be due to insufficient
evidence, and we need more data to conclude their effectiveness.
Nevertheless, the most interesting part of the plot -in terms of po-
tential for future work- is the bottom-right corner, which presents
the least tried techniques, i.e., similarity, social comparison, cooper-
ation, liking, punishment, and authority, that have led to successful
results in prior HBC interventions.

This section has given an overview of the persuasive power
of the PSD strategies for distinct population segments while we
further our discussion on a case-to-case basis below.

4.2 PSD Strategies Effectiveness from a
Diversity Perspective: Use Cases

This section presents a series of engaging, indicative use cases
where we compare the effectiveness of each PSD strategy across
diverse segments of the population through radar plots. PSD strate-
gies are placed on the circle’s circumference, whereas the inner
polygons indicate the personalized “PAST score” for each strategy.
The blue polygon refers to the general population, while the red
(or green) to specific user segments.
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Figure 5: PSD Strategies effectiveness comparison be-
tween the general population and the children popula-
tion.
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Figure 6: PSD Strategies effectiveness comparison be-
tween the general population and the adolescents pop-
ulation.

4.2.1 Age-groupDifferences. Initially, we explore differences in per-
suasive power across various age groups compared to the general
population. The radar plots in Figures 5 and 6 present a comparison
of PSD strategies’ effectiveness between young users (children and
adolescents) and the general population, while the radar plot in
Figure 7 focuses on the elderly population.
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We notice that the most powerful strategy, based on reported
results, for inciting positive HBC in children through ST is rewards
(+5), followed by social comparison (+4), which shows more per-
suasive power for children compared to the general population.
Rewards are usually tied to gamification in children-oriented in-
terventions, where real-world physical activity is translated into
virtual commodities. Examples of such rewards include game cur-
rency or extra playtime [7, 21]. With regards to social comparison,
prior research has utilized decoy opponents used for real-life com-
parisons [7]. On the contrary, there is a large drop in “Primary Task
Support” effectiveness (e.g., self-monitoring +2 vs. +5) and goal-
setting (+3 vs. +5). We conjecture that such features, designed and
fine-tuned on adult populations, might not be directly applicable
to children. Hence, further research is required towards designing
kid-friendly primary task support for positive HBC. Given the com-
plexity of self-reporting, we could recommend a combination of
indicative physical and interaction factors (Physical Self Aspect, Be-
havioral Self Aspect; see Section 3) for evaluating the effectiveness
of features in interventions with children populations. Specifically,
the adoption of desired behavior can be measured through tracked
data, such as activity duration, or type of activities performed. At
the same time, the interaction success can be evaluated via feature
access, number of sessions, activity performed between sessions,
or number of acquired commodities and rewards.

CHILDREN.
Recommended strategies: Virtual Rewards, Social Comparison
Evaluationmetrics:Activity between sessions, Acquired rewards,
Age-based activity duration comparison
Strategies needing further exploration: Self-monitoring, Goal-
setting, Personalization

Similarly, interventions on adolescents (Figure 6) utilizing re-
wards also show high effectiveness (+5), but “Social Support” fea-
tures, such as social learning, cooperation and competition offer
more promising results compared to Social Comparison (+3 vs. +1).
Rewards (material or virtual) in adolescent interventions slightly
diverge from gamification practices. Material rewards take the form
of monetary prizes and gifts, while virtual rewards move away from
in-game commodities to badges and point systems [9, 13, 28, 35].
Additionally, discussion groups in social media platforms have
been integrated in HBC interventions as a means of social facilita-
tion [13, 35], similarly to individual and group-based competitions
[9, 13]. Note that the effectiveness of “Primary Task Support” strate-
gies, such as personalization and reduction, seems to gradually
increase with age. Evaluation metrics here should capture the social
nature of adolescent-based interventions. Apart from tracked data,
e.g., activity duration, time between sessions, energy expenditure
(Physical Self Aspect), it is important to collect interaction met-
rics (Behavioral Self Aspect), such as content views (e.g., messages,
posts, e-mails), notifications, and content response time, content
shares, comments, and likes, as well as user content generation.
Similarly, environmental factors (Environmental Aspect) such as
social network and interactions can offer a more comprehensive
view of the intervention’s success.

ADOLESCENTS.
Recommended strategies: Virtual and Physical Rewards, Social
Facilitation, Cooperation, Competition
Evaluation metrics: User content generation, Comments, Shares,
Interactions, User Network
Strategies needing further exploration: Self-monitoring, Goal-
setting, Personalization
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Figure 7: PSD Strategies effectiveness comparison be-
tween the general population and the elderly population.
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Figure 8: PSD Strategies effectiveness comparison be-
tween the general population, men and women.

When it comes to the elderly population (Figure 7), the radar
plot shows a different picture. “Social Support” strategies, i.e., social
comparison, social learning, and cooperation, show decreased ef-
fectiveness (+1 or +2), giving ground to “Dialogue” strategies, such
as liking, praise (+3) and especially similarity (+5). Similarity usu-
ally takes the form of embodied conversational agents and human
avatars [4, 8]. Liking is implemented via voice-controlled personal
assistants [25], while praise can range from simple positive feedback
for goal attainment to virtual pets exhibiting positive or negative
emotions depending on the user behavior [8]. The common de-
nominator amongst these features is that they provide a sense of
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Figure 9: PSD Strategies effectiveness comparison be-
tween the general population, and cancer, diabetes, and
heart disease patients.
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Figure 10: PSD Strategies effectiveness comparison be-
tween all interventions, and interventions with a larger
sample (>50 users) or a longer duration (>10 weeks).

human connection to elderly users who might experience solitude.
On the contrary, rewards show a significant decrease in effective-
ness for this population segment, contrary to younger samples. For
this segment of the population, relevant evaluation metrics include
sedentariness duration, or type of activities performed, measuring
the direct effect of the intervention (Physical Self Aspect), as well
as feature access, content views, interactions with conversational
agents, and wear time (Behavioral Self Aspect). Also, self-reported
physical and mental health or physical activity competency are rele-
vant factors when tailoring interventions for older users (Perceived
Self Aspect).

ELDERLY.
Recommended strategies: Liking, Praise, Similarity
Evaluation metrics: Sedentariness duration, feature access, con-
versational agent interactions, health
Strategies needing further exploration: Rewards, Tailoring

4.2.2 Gender Differences. With regards to gender differences, Fig-
ure 8 presents a comparison of the effectiveness of PSD strategies
for men and women versus the general population. We notice that
“Social Support” strategies, i.e., social comparison and social learning,
show higher effectiveness for gender-specific interventions com-
pared to generic interventions, especially for male samples (+5 vs.
+4 for females vs. +3 for general population). Also, rewards have
surprisingly low scores (+1) compared to the general population.
However, as seen from the limited red spikes in the radar plot, inter-
ventions targeted to males are rare in the related literature, offering
grounds for future work.

With regards to female-based interventions, mainly tailoring (+2
increment), and tunneling, reduction, and reminders to a smaller
extend (+1 increment), show promising results with regards to ef-
fectiveness, exceeding that of the general population. Reduction
can be translated into system features through goal-setting guid-
ance and progress bars for supporting partial goal accomplishment
[5, 54]. Tailoring can take the form of contextualized suggestions
for short active breaks [19], and tunneling has been implemented
as information provision accompanied by data-driven suggestions
[5, 14]. With regards to social features, gender-based interventions
utilize more closed social platforms than adolescent-based inter-
ventions, such as private communities or team chats to create a
collective sense of trust for progress sharing [5, 54]. Given the high
importance of social features across genders, evaluation metrics
should incorporate social factors, such as self-reported social sup-
port, group cohesion, social comparison tendencies (Perceived Self
Aspect), as well as interaction analytics, such as content shares
and views, and time between content view and activity (Behav-
ioral Self Aspect). At the same time, evaluation metrics targeted to
“Primary Task Support” strategies are also suitable, especially for
female-based interventions, given their high effectiveness for this
segment. Specifically, reduction, tailoring, and tunneling feature
access should be evaluated by the activity performed as a result
(Physical Self Aspect).

FEMALES.
Recommended strategies: Goal-setting, Reduction, Tailoring, So-
cial Learning, Social Comparison, Reminders
Evaluationmetrics: Self-reported social support, Group cohesion,
Social comparison tendencies, Interaction Analytics, Feature Ac-
cess, Time between access and physical activity
Strategies needing further exploration: Rewards

MALES.
Recommended strategies: Self-monitoring, Social Learning, So-
cial Comparison
Evaluation metrics: Social support, Group cohesion, Social com-
parison tendencies, Interaction Analytics
Strategies needing further exploration: Rewards, Goal-setting,
Reminders, Personalization

4.2.3 Health-related Differences. Concerning patients suffering
from a physical health condition, such as diabetes type 2, heart
disease, or cancer (Figure 9), we directly notice that “Social Support”
strategies have a lower “PAST Score” compared to the general pop-
ulation, while reminders and goal-setting share the highest “PAST
Score” (+5). Low scores, though, can be partly attributed to the low
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frequency of these PSD strategies for this segment (See Figure 2),
indicating a direction of future work. On the other hand, reminders,
punishment, real-world feel, rehearsal, and simulation show a slight
increase in effectiveness compared to the general population (+1),
while provision of general information shows the largest increase
(+2). We assume that this is because this segment has a higher
need for information about which forms of physical activity are
suitable for their condition. Punishment can take the form of mon-
etary punishment for failure to reach goals or negative feedback
[11, 26], while real-world feel can refer to app store responsiveness
[12] or contact form availability for support [29]. With regards to
primary-task support, rehearsal has been implemented as short
exercise demonstration videos [28], and simulation as a linkage
between real-world physical activity and virtual world experience
[24]. To evaluate the user experience for this segment, one needs
to incorporate self-reported metrics of health condition, and goals
and expectations (Perceived Self Aspect), tracked metrics (Physical
Self Aspect), as well as interaction metrics, such as content views
(Behavioral Self Aspect) to evaluate for example information utility.

CANCER/DIABETES/HEART DISEASE PATIENTS.
Recommended strategies: Goal-setting, Reminders, Information
provision, Punishment
Evaluationmetrics:Health condition, Goals & Expectations, Goal
accomplishment rate, Content views
Strategies needing further exploration: Social comparison, So-
cial learning, Cooperation

4.2.4 Observed Differences based on Sample Size and Intervention
Duration. This section presents the reported results of large-scale
and long-term interventions to indicate the longevity of the PSD
strategies’ effectiveness. We define large-scale interventions as
those with a sample size larger than 50 participants and long-
term interventions as those with a duration longer than 10 weeks.
Amongst the first things we can notice is that goal-setting sustains
its maximum “PAST Score” both for large-scale and long-term in-
terventions, whereas self-monitoring, and rewards’ effectiveness
whines with time (+4 from +5). This is in accordance with prior
literature [30], which reports diminished long-term effectiveness of
incentives for inciting and maintaining HBC. On the contrary, “So-
cial Support” features, such as social comparison and social learning,
show improved effectiveness for large-scale interventions (+4 from
+3). Another interesting point is that despite similarity and liking
being quite rare in the included literature, they are correlated with
better effectiveness (+1 and +2 increment, respectively in “PAST
Score”) for long-term interventions.

5 CONCLUSION
This paper presents a metadata analysis and related discussion per-
formed on top of the PSD framework and an open corpus of 117
HBC and ST interventions. Through our exploration, we debunk the
“one-size-fits-all” mentality in the design space of personal infor-
matics, highlighting the significance of inclusive design, diversity
and personalization. Specifically, we analyze the effectiveness of
various persuasive strategies across diverse population segments
and showcase the differences and similarities between them and the
general population (C1). Additionally, we accompany the analysis

with data-driven recommendations on system features and evalua-
tion metrics suitable for each segment (C2) and provide directions
for future work. We also provide an online interface for a more
interactive experience1.

While we focus on physical activity interventions, future work
may validate our results in different HBC domains, such as smoking
cessation, or diet monitoring, to investigate possible changes in the
perceived effectiveness of PSD strategies. It is also important to note
that while design guidelines can facilitate the development of ST,
researchers and practitioners need to be mindful of their epistemic
status. While we strongly believe in the value of empirical data for
generating design guidelines, we suggest that our recommendations
be treated similarly to “design hypotheses”, which require additional
testing. As a final note, our results illustrate a lack of research on
how different population segments (e.g., based on age, gender, and
health status) interact with ST, which presents an opportunity for
future work. For instance, the limited number of interventions
targeting racial minorities did not allow us to perform an analysis
based on race. Future research should focus on equitable access
to ST for HBC, taking into account the socioeconomic status, the
variable health, and the technological literacy of diverse population
segments while being sensitive to their cultural and linguistic needs.
On a similar note, privacy was rarely touched upon in our corpus.
However, data privacy (e.g., data sharing, retention policy, third
party involvement) is fundamental for trusted and secure use of ST,
especially for sensitive groups such as minors or minorities, whose
data sharing might raise ethical concerns.
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