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Abstract

HCI research on goals and behavior change has significantly in-
creased over the past decade. However, while emerging work has
synthesized personal informatics goals, fewer efforts have focused
on also integrating HCI research on behavior change to chart future
research directions. We conducted a systematic review of 180 papers
focused on goals and behavior change from over 10 years of SIGCHI
journals and conference proceedings. We further analyzed 37 pa-
pers from the data set that included evaluations of interventions’
effectiveness in-the-wild. We also reported on the effectiveness of
76 of such technology-based interventions and the meta-analysis of
28 of these interventions. We find that most research has focused
on goals in the health and wellbeing domains, centered on the indi-
vidual, low intrinsic goals, and partial use of theoretical constructs
in technology-based interventions. We highlight opportunities for
supporting multiple-domain, social, high intrinsic, and qualitative
goals in HCI research for behavior change, and for more effective
technology-based interventions with stronger theoretical underpin-
ning, supporting users’ awareness of deep motives for qualitative
goals.
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1 Introduction

Goals are desired states that people strive towards or are encour-
aged to attain [19], playing an important role in motivating behavior
[25]. They support our sustained engagement and underpin a wide
variety of behaviors, including work-related activities, everyday
wellbeing practices, the maintenance of social relationships, or the
management of chronic conditions. Goals are an important com-
ponent of research on behavior change as they underlay people’s
intentions of striving towards desired behaviors [83, 148]. In HCI
behavior change literature, there is a focus on how goals can be
supported, particularly in personal informatics research [68]. Track-
ing technologies are overwhelmingly designed and used to support
behavior change toward tracked goals [68]. Reviews of HCI litera-
ture that touch on people’s goals have only focused on goals and
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behavior change in the context of tracking technologies [62, 68].
These reviews suggest an overwhelming focus of research on in-
dividual technologies to support people’s goals through trackers
[68], specific goal domains such as health or nutrition, and types of
goals, such as quantitative goals which can be easily tracked (i.e.,
step counts) [62].

As research on HCI behavior change has grown, such reviews are
essential, offering the opportunity to pause and take stock of what
has been done, and to reflect on future research directions. One of
the aspects less explored in past reviews is the intersection of behav-
ior change and technologies supporting goals. The prior reviews
that involve goal-related research in HCI focus on tracking litera-
ture [62, 68], rather than a broader understanding of goal-related
research in behavior change in HCIL. In particular, we have a limited
understanding of the extent to which HCI literature evaluates the
impact of goal-related technologies on actual changes in behaviors,
along with the approaches used to support behavioral changes in
HCL. In the past decade, HCI researchers have debated how theory
can inform the design of behavioral technology [45], what types
of evaluation measures and methods are appropriate for the types
of prototypes that HCI researchers create; proposing efficacy and
understanding user experiences as appropriate metrics [116], and
what durations are appropriate for deploying and testing behav-
ioral technology [93, 116]. Although past research [45, 93, 116]
highlighted the importance of our approach to studying and de-
signing for behavior change in HCI, we need to further understand
the landscape of how HCI researchers design (e.g., theoretical un-
derpinning), and evaluate goals in behavior change technologies
(e.g., metrics used) and the effectiveness of the interventions they
design (e.g., actual measures of change in behavior). We adopt the
working definition of effectiveness as the beneficial outcome of a
technology-based intervention evaluated in real work settings [80].
One way to address this gap while leveraging the large body of
goal-related HCI research for behavior change is through efforts
to synthesize it. In particular, our work complements previous re-
views through its focus on understanding how goals are studied
and designed for in HCI behavior change literature, and the effec-
tiveness of technology-based interventions for behavior change.
We conducted a systematic review in two steps. First, we reviewed
180 papers on goals and behavior change in HCI to understand
what behavior change goals are studied and the technology space
of those studies. Second, we scoped down our review to 37 papers
that reported the effectiveness of a total of 76 technology-based
interventions evaluated in-the-wild, and in addition, we conducted
a meta-analysis of 28 of these interventions targeting step count
or screen time. Thus, our review focuses on the following research
questions, whose rationale is detailed in the Background section.

RQ1. What behavior change goals have been explored by HCI
research, and what is the nature of those goals?

RQ2. How are goals studied by HCI research on behavior change,
and with whom?

RQ3. Which technologies are studied by HCI research on behav-
ior change goals, and how?

RQ4. What is the effectiveness of technology-based interven-
tions for behavior change goals evaluated in-the-wild?

Our research contributions include: (1) understanding goals stud-
ied in HCI behavior change literature and the nature of those
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goals with regard to sociality and motivation; (2) understanding
approaches used in the studies such as contributions, methods,
measures, and stakeholders involved; (3) understanding technolo-
gies studied, or designed to support goals, theory used, site, and
duration of deployments; and (4) understanding the effectiveness
(actual change in behavior) of technologies for goal setting and be-
havior change (measures used for evaluating effectiveness, which
interventions are effective).
Key takeaway findings highlight that:

o Goal domains were overwhelmingly focused on health, espe-
cially physical activity, followed by digital wellbeing, with
limited focus on other domains like sustainability or finance.

The studied goals tended to be individually rather than collec-

tively pursued with others (e.g., family, friends, coworkers).

e Only a minority of studies (<25%) recruited participants who
were intrinsically motivated to pursue the goal.

e Papers used a broad range of goal measures, most com-

monly behavioral measures which tend to be self-reported,

or custom-made with limitedly reported validity.

The stakeholders involved as participants in the studies were

predominantly from the non-clinical population and less

from the clinical population or vulnerable users.

e Many papers mentioned one theory, such as goal-setting
or self determination, but less than half used theories for
design.

o A large set of papers evaluated technologies, most often in-
the-wild, the most common deployment site being everyday
life, and the deployment duration being between one and
four weeks.

e In the corpus of 180 papers, behavioral measures (e.g., step
count, sleep duration) were the most common, followed by
motivation and goal attainment measures.

e Among the 37 papers that evaluated interventions in-the-
wild, the most effective interventions were goal setting and
feedback for physical activity, and behavior cost for digital
wellbeing.

While HCI research’s current focus on goals for behavior change
is strongly skewed towards single-domain, individual, low intrinsic,
and quantitative goals, we highlight opportunities for advancing
the design space of goal-related research for behavior change in
HCI. These include extending the focus to explore multiple-domain,
social, high intrinsic, and qualitative goals. We also suggest more
inclusive stakeholders from domain experts to people living with
diagnosed conditions, and children. Finally, we argue for deepening
efforts to design more effective technology-based interventions by
ensuring stronger theoretical rationale, supporting users’ aware-
ness of deep motives for qualitative goals, and goal setting for
self-set goals, or social goals, and scaffolding reflection on tracked
goals for behavior change.

2 Background

Goals have been studied for more than half a century [150], with
theories and taxonomies that conceptualize goals and goal-related
activities informed by psychology literature [38, 83, 148, 150]. Al-
though goals have a long research history in HCI, researchers
started designing tools to support goals for behavior change and
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discuss our field’s approaches only in the late 2000s [44, 45, 161],
thus growing the HCI literature on behavior change goals. Since
then, there have been limited papers taking stock of how goals are
studied in HCI literature. For instance, Epstein et al’s [68] mapping
review of Personal Informatics suggests an overwhelming focus on
individual technologies to support goals through trackers but does
not unpack how that literature studies goals.

Ekhtiar et al’s [62] review on goals in personal tracking found a
main focus on quantitative and health goals. They also identified an
increased number of papers studying goals related to multiple be-
haviors and diversity in the characteristics of goals. They proposed
the need to better facilitate goal setting by reducing users’ burden
and supporting their self-efficacy while navigating complexity as
goals evolve over time. Their investigation of goals sheds light on
personal informatics goal-setting literature but does not contextu-
alize the landscape of research on goals in behavior change, which
is expected to be much larger as our literature surfaces many more
papers in a similar time period. Although prior research has shown
that personal informatics goals are overwhelmingly focused on
health [62], research outside HCI has indicated a much broader
range of goals that people experience, including relationships, spiri-
tual, entertainment, or creativity goals [38], which suggests a richer
space for much more goal exploration than what was surfaced in
personal informatics literature [62, 68].

What we mean by behavior change goals-related research: In this
review, we intend to understand the HCI work that engages with
behavior change research and goal-related activities, as defined in
prior work studying goal phenomena, such as goal setting [148],
planning [83], pursuit or implementation of goals [149]. In HCI
such papers might involve explicit studies of techniques for goal-
related activities, such as setting better exercise goals [137], novel
planning techniques [6]; or papers that study activities done in
service of supporting engagement with goals, such as supporting
better portion estimation [34], or visualization techniques to inform
eating healthier [59].

RQ1 Rationale. The aim of RQ1 is to unpack the different goals
studied across domains, including but not limited to wellbeing and
health. Because literature beyond HCI has pointed at goals being
interconnected [125, 127], we looked at whether literature included
goals studied in isolation (e.g., exercise goals) or as interconnected.
Two main characteristics of goals are their sociality and type of mo-
tivation. Sociality highlights the importance of the social context of
motivation [74], and while findings have shown the value of social
support interventions [94], sociality has been less explored in HCI
in terms of individual vs social goals [38]. With respect to the type
of motivation, intrinsic (i.e., one’s own interests) motivation has
been shown to be more effective than merely external motivation
(i.e., external reinforcement) [56, 129], albeit less explored in HCI
research on goals for behavior change.

RQ2 Rationale. The aim of RQ2 is to understand how goals have
been studied (e.g., contributions, approach, methods, measures)
and with whom (e.g., stakeholders). While HCI contributions [259]
have been previously explored in HCI systematic reviews such as
the one on personal informatics [68], they have been less used to
investigate the goal-related research for behavior change. Similarly,
limited work has focused on the different measures of goals and
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their validity. The latter also aligns with researchers’ call for improv-
ing the way we capture user data, arguing to expand self-reports
with automatic measures [93]. There has been limited HCI work re-
viewing research methods and approaches within behavior change
literature. Researchers have also called for being intentional and
acknowledging when and for what populations we are designing
and whether interventions are effective [116, 117], hence our focus
on stakeholders.

RQ3 Rationale. With RQ3, we wanted to understand the tech-
nology space described in the reviewed work, their theoretical
underpinning, and their evaluation. Researchers in HCI have called
to action to incorporate theory into behavior change technology
design [45, 93]. Yet, limited work has explored the use of various
theories informing design in this space, and the breadth of tech-
nologies studied by HCI scholars interested in behavior change
goals.

RQ4 Rationale. RQ4 focuses on a subset of papers describing
technology-based interventions for behavior change deployed in
the wild and their effectiveness [80] and the most promising tech-
nologies and goal measures supporting them. With respect to types
of interventions, Ekhtiar et al. [62] identified the most common
technology-based interventions in personal informatics as tracking
and reflecting on data at the expense of preparation (i.e., deciding
what and how to track) and acting on the insights gained from
tracked data. However, we know little about the broader range of
intervention types [171] studied in behavior change goals literature,
their effectiveness, and how to design the most effective interven-
tions. This RQ also aligns with HCI scholars’ call for technology
implementation in real-world settings for sustained use [159, 236],
and for generating evidence about what interventions are effective
[116, 117].

3 Systematic Review Method

We describe the selection of corpus of papers for the systematic
review (N=180), and a subset of those reporting on the effectiveness
of 76 behavior change technology-based interventions deployed
and evaluated in-the-wild reported in 37 papers. We also outline
the coding process and the main codes.

3.1 Selection of Paper Corpus

Engagement with goals is described in behavior change psychol-
ogy literature through activities of setting goals [148], planning for
goals [83], and implementing or pursuing goals [148]. We chose to
build our corpus by searching for terms that were related to these
processes. While building the corpus by searching for papers in
the ACM digital library (DL), we also identified tracking as a com-
monly discussed goal process. To create our corpus, we searched
for papers that included "behavior change" and one of the terms

"o "o "o

(and linguistic variations) "goal + ": "setting,’ "planning,’ "pursuit,’
"tracking,' "managing,’ "monitoring,’ "implementing." We searched
the ACM DL in the period January 2012 - June 2023, published in
SIGCHI-sponsored conferences and affiliated publication venues.
Inclusion and exclusion criteria for paper corpus. We followed
the Preferred Reporting Items for Systematic Review and Meta-
Analysis (PRISMA) [193] to identify and select the relevant papers

(Fig. 1). The original search yielded a corpus of 266 unique papers,
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(a) Initial Screening (b) Full Text Screening m

Paper screened (n=266) Papers screened for eligibility (n=242) Studies included in review (n=180)

Paper excluded (n=24) Papers excluded: CHI (74) CHI PLAY (2)
« poster « Papers that did not have empirical studies IMWUT/UbiComp (37) IDC (1
« extended abstract |+  (n=37) (e.g. only included theoretical views, | CSCW (27) GROUP (1)
« short paper arguments, or opinions. DIS (18) AVl (1)
« workshop : . ) UMAP (9)  MHCI (M

. Papers in which the_re were no goals associated MobileHCl (6)  AcademicMindtrek (1)
in any way to participants (n=25) (e.g., words Ul (4)
“goal” used with different meaning)

Figure 1: Selection criteria of the paper corpus following the PRISMA guideline.

which appeared in 13 different venues. In the initial screening (a),
we excluded papers that were non archival (N=24), such as posters
or workshops. From the 242 papers that we fully screened, (b) we
further excluded papers not describing empirical studies, such as
those solely focused on theory, arguments, or opinions (N=37), and
those in which references to goals did not have the meaning of
a goal pursued by participants (e.g., where the words related to
"goals" might refer to research team goals) (N=25). This led to (c)
180 papers, which were included in our final review (indicated by *
in References, although not all of them are cited in our paper).

The first author downloaded each paper from the initial set
(N=266) and completed the screening against the identified criteria,
a process that took place over a few months with weekly input
from two senior researchers.

3.2 Coding Process

The process of coding these 180 papers took place over two years
and involved five coders and two senior researchers across two
continents, who met weekly or more to discuss and support the
coding process and used a dedicated Slack channel to discuss and
reach an agreement (Fig. 2). The coding process was hybrid [72], in-
volving both deductive and inductive codes relevant to our research
questions, and consisted of two stages: (i) codebook development
and (ii) codebook use and revision, throughout which we developed
and tested both the initial and the revised codebook.

First stage: Codebook development (Fig. 2, Stage 1) involved iden-
tifying the deductive codes informed by concepts and theories from
prior research such as types of research contributions [259], or
types of interventions for behavior change [170]. With the initial
codebook of deductive codes (Codebook V1), we coded half of the
corpus while also generating the inductive codes as we drew in-
sights from the papers, such as the different types of stakeholders.
Inductive codes had a broad set of values reflecting text segments
from papers, which we worked on organizing as closed codes. At
the end of this stage we generated the codebook with both deduc-
tive and inductive codes (Codebook V2), whose quality we tested on
25 papers randomly selected from the remaining half of the corpus.
The codebook testing involved four pairs of independent coders
coding between 5 and 10 papers, in total N=25, an adequate sample
size for testing codes with many values like ours [28]. Inter-rater
agreement was computed using Cohen’s Kappa [43] and Monte
Carlo simulations to compute the chance agreement components
of kappa on codes with multiple item selections, following previous

similar approaches [230]. Findings showed 0.51 Cohen’s Kappa with
a substantial agreement for 47% of codes, moderate/fair for 37% of
codes, and 16% of codes showing low or no agreement. All codes
with a moderate agreement or less were revised or discarded. We
also had each of these revised codes allocated to individual coders
who rechecked them within the set of papers already coded. The
codebook addressed RQ1-RQ3.

Second stage: Codebook use and revision (Fig. 2, Stage 2). With the
revised codebook, we coded all, but 25 papers from the remaining
half of the corpus. The 25 papers were used to compute the second
inter-rater agreement. Findings showed 0.72 Cohen’s Kappa with
substantial agreement on 76% of codes, moderate and fair on 21%
of codes, and slight agreement on 3 of the codes that were revised.
This led us to a total of 50 papers, representing over 25% of the
corpus, on which we ensured the overall evaluation of the codebook.

In the second stage, we followed the PRISMA guidelines and con-
ducted an additional screen to include papers published between Au-
gust 2022 and June 2023, ensuring the review was updated with the

Stage 1: Codebook Generation Stage 2: Codebook Use and Revision

(6]

Include first batch of papers Test codebook on 25 papers:
published 01/2012 - 07/2022 inter-rater agreement (Kappa = 0.72)

e Includ d batch of bI'hdo

nclude second batch of papers publishe

Generate Codebook V1 08/2022 - 06/2023
Code 75 papers: apply deductive Generate new codes: intervention type,
codes & generate inductive codes and effectiveness

Generate Codebook V2
(deductive and inductive codes)

Code 37 papers on interventions evaluated
in-the-wild: intervention effectiveness

e

Test codebook on 25 papers:

inter-rater agreement (Kappa = 0.51) Cenertelinalcodebeais

2 Year 7 Researchers Cross- Weekly Slack
project (5 coders) continental meetings conversations

000 o
N

Figure 2: Coding process for systematic review of 180 papers
and meta-analysis of 37 papers which explored effectiveness
of technology-based interventions in-the-wild. It consisted
of two stages: codebook development (left) and codebook use
and revision (right), conducted by a team of seven researchers
over two years.
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contribution

Papers excluded
(n=54)

Papers limited to
qualitative empirical

|

measure

Papers excluded
(n=19)

Papers measuring
aspects such as

-
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Papers screened Papers screened Papers screened
(n=180) (n=126) (n=107)

Papers with Papers specifying Papers specifying any
empirical any quantitive study quantitative goal

measure

Papers excluded
(n=26)

Papers with goals
measured over no

Papers screened (n=81)
Papers with goal measured
over at least one day

Papers excluded (n=44)
Papers with 1) goal
measure changes not
reported, 2) hypothetical
measure (design fiction), 3)

Papers screened (n=37)
Papers evaluating
effectiveness of
technology based
interventions deployed
and evaluated in-the-
wild

contribution, with usability or more than one day
no quantitative engagement but not
study measures goals

goal measure not an
outcome of an intervention,
4) goal measured in the lab

Figure 3: Selection criteria for the 37 papers that reported technology-based interventions deployed and evaluated in-the-wild.

most recent research. We also extended the codes with additional
ones relevant to RQ4 on the effectiveness of interventions. Thus,
81 papers were further coded for intervention type as these were
described in the lab or in-the-wild evaluation of technology-based
interventions (Fig. 3), and for 37 describing technology evaluation
in-the-wild, we also extracted data on intervention effectiveness
such as study sample size, and change in intervention outcomes. For
this, one coder coded all these papers to ensure consistency, while
two other coders coded independently for intervention type 10 of
these papers (over 10%), reaching agreement through discussion.
At the end of this stage, we had the final Codebook V3.

3.2.1 Selection of Subset of Corpus Papers for Meta-Analysis. Given
the different types of interventions studied in the corpus and their
measures, we wanted to understand which interventions are most
effective and for what goal domains of behavior change. To ex-
plore this question, we employed a meta-analysis whose aim was to
explore the synthesis of the effectiveness across different interven-
tions [92]. From the 180 papers in our corpuswe focused on those
deployed and evaluated in-the-wild. The decision relates to our
RQ4 on the effectiveness of technology-based interventions. For
the definition of effectiveness, we followed Gartlehner et al’s [80]
systematic review where they distinguish effectiveness as evaluation
in-the-wild, from efficacy or evaluation in the lab.

Therefore, from the 180 papers selected for the systematic re-
view, we followed the following four exclusion criteria: (i) used
only qualitative measures (N=54), (ii) used quantitative ones but
only for system usability or user engagement rather than for goal
measurement (N=19), (iii) those involving goal measures but tech-
nologies were used for less than one day (N=26), and (iv) those with
goal measures which were not fully reported, were used in design
fiction, were not used to measure an intervention outcome or were
measured in the lab (N=44). This led to a set of 37 papers (marked by
** in References), which describe technology-based interventions
for behavior change, and Figure 3 presents the PRISMA diagram
for the selection of these papers.

3.3 Overview of Main Codes

Since our coding process led to a large number of codes, to sup-
port the reader, we offer here a succinct overview. Subsequently, in

the Findings sections, we provide contextualized, piecemeal intro-
ductions of each subset of codes relevant to the specific findings
presented in that section, together with those codes’ definitions.
Thus, Fig. 4 presents an overview of the main codes and extracted
data mapped to the research question (RQ1-RQ4) they contribute
to.

Thus, RQ1 related codes namely goal domains, and goal charac-
teristics (sociality and motivation) are described in 4.1.1 and 4.1.2,
respectively. The RQ2 related codes include HCI main contributions
in 4.2.1, research methods in 4.2.2, research approach and measures
in 4.2.3, and stakeholders in 4.2.4. For RQ3, the main codes include
technologies 4.3.1, underpinning theories 4.3.2, as well as evalu-
ation site and duration in 4.3.3. Finally, for RQ4, the main codes
are intervention types detailed in 4.4.1, while extracted data is de-
scribed in 4.4.2. Note that papers reporting multiple studies were
coded separately for each study.

4 FINDINGS

The findings are organized under four sections matching research
questions (Fig. 4): goal domains and characteristics; goals studied
capturing HCI contributions, research methods, approach, mea-
sures, and stakeholders; studied technologies including their the-
oretical underpinnings and evaluation; and the effectiveness of
technology-based interventions in-the-wild.

4.1 User Personal Goals: Domains and
Characteristics

This section describes the user’s personal goals, their domains and
characteristics, such as sociality and motivation (RQ1).

4.1.1  Goal Domains. Goal domains captured the domain of the
goal that the paper discusses. Inductive coding led to domains such
as physical health and wellbeing (e.g., physical activity, nutrition),
mental health and wellbeing, digital wellbeing, productivity, learn-
ing, sustainability, or finance. In alignment with previous work
[62, 68], our findings emphasize health and wellbeing as main do-
mains, providing a more nuanced understanding of goal-focused
research in behavior change.

First, within the prevalent health and wellbeing domain (80.4%),
findings indicate two unequally represented areas, with physical
health and wellness being over three times larger (66%) than mental
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RQ1. What behavior change goals have been

explored by HCI research and what is the
nature of those goals?

and

RQ2. How are goals studied by HCI research on
behavior change and with whom?
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RQ4. What is the effectiveness of HCI technology-

based interventions for behavior change deployed
and evaluated in real world settings?

Studies of effectiveness of interventions

User personal goals: Domains and characteristics Contril

Contribution types
« E.g., Physical activity, nutrition, mental health,

I Goal domains
productivity, digital wellbeing, finance

L Research methods
Goal sociality

« Individual, group, family

Approach to capturing goal measures

Goal motivation

L L - " « Manual, automatic
« Intrinsic (likely), intrinsic (explicit), unspecified

Goal measures types

RQ3. Which technologies are studied by HCI

research on behavior change goals, and how?

Goal measures

Technologies studied: Types, theories, evaluation

Technology studied
« E.g., Mobile apps, wearable

Theories mentioned & used in design

Stakeholders
« E.g., Goal-setting theory

Evaluation site

« E.g, Everyday life, home, school Age

Evaluation duration

« E.g, <1 week, 8-14 days, >3 months, >1 year Country

Gender language

« E.g., Inclusive language, non-binary participants

« Empirical, artifact, theory, methodology

« Mixed, qualitative only, quantitative only

« Established scales, custom made measures
Engagement with technology measures
« User experience/adoption, usability

« E.g., Behavior, goal attainment, motivation

How goal are studied: Stakeholders

« E.g., Non-clinical general population, health
experts, children w/ health conditions

« E.g., Western, Non-western

deployed and evaluated in-the -wild

« E.g., Goal setting planning, feedback
and monitoring
Measured outcome
« E.g., Step count, screen time, goal attainment

I Intervention types

Intervention duration

« E.g., 8-14 days, 1-3 months
Intervention sample size

« E.g., 12,65
Change in outcome

« E.g., +1000 steps, -10 minutes
Effect size in Hedges'g

« E.g., 0.71, -0.44, missing data
Significance of change in outcome

« E.g., * for 0.5 level, ** for 0.01 level

Green: Identifying deductive codes informed by
past research, concepts and theories from state-
of-the-art research.

. Purple: Data extraction

« Adult, senior, under 18 years, unspecified

Blue: Identifying inductive codes by drawing
insights from the papers and clustering them by
coder.

Figure 4: Overview of generated main codes and extracted data, mapped to research questions. The color-coded vertical bars
indicate the process of code generation (green: deductively generated, blue: inductively generated, purple: extracted data.)

health and wellbeing (14.5%). Figure 5 shows the distribution of
papers within single or multiple domains, with each paper being
counted once within the chart (total 100%). Table 1 presents a com-
plementary take, as frequencies of goal domain codes to account
for all domains targeted by each individual paper.

Multiple health: 8.9%
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Figure 5: Distribution of papers based on goal domain with a
focus on single vs multiple goal domains represented. Most
papers target goals within a single domain (80%) such as
physical activity, or nutrition, or physical health, while the
rest (20%) focus on multiple goal domains where health is
also predominant. Each paper is counted only once.

Second, within the overall health and wellbeing domain, research
interest has been by far on physical activity (N=70, 38.9%), followed
by nutrition and diet (N=26, 14.4%), and physically diagnosed con-
ditions (N=22, 12.2%). Within physical activity (N=70), 28.3% of
papers focused on physical activity only, and 10.5% on multiple do-
mains. The most common physical activity goals include exercising,
usually measured as step counts (N=29) [13, 30, 172, 174, 178, 208],
which illustrate quantitative goals defined as goals that can be di-
rectly tracked [185]. Papers related to nutrition and diet domain
(N=26, 14.4%) include a subset of 6% that focused exclusively on diet,
with goals targeting healthy eating [139], weight [98], or diet man-
agement [153, 224]. The domain of physically diagnosed conditions
(12.2%) (7% single domain, 5% in multi-domain papers) targeted
mostly diabetes [59, 105], asthma [175], and chronic condition man-
agement [61]. Other physical health and wellness papers (N=23,
12.8%) focus on alcohol intake [191], sleep [104, 134], or rehabilita-
tion [251].

Within the mental health and wellbeing main domain (N=26,
14.4%) (11% focus only on mental health, 3.3% on multiple domains),
findings indicate two different areas. One focuses on general men-
tal wellbeing (N=16, 8.9%) goals related to reducing stress [200],
or avoiding procrastination [35], while the other targets goals for
mental health diagnosed conditions (N=10, 5.6%) for managing at-
tention deficit hyperactivity disorder [41], anxiety disorder [229],
or diagnosed depression [71]. Another important outcome is that
diagnosed conditions for both physical (N=22, 12.2%) and mental
health (N=10, 5.6%) have been targeted the least within the health
and wellbeing domains. This is surprising, given the growth of HCI
in affective health [220], indicating the value of stronger interaction
with behavior change research.
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Table 1: Distribution of papers with respect to goal domains. Some papers are coded with multiple subcodes within a main code.

Code Frequency
Goal Domains

Physical activity 70 38.9%
Nutrition/diet 26 14.4%
Other physical health 23 12.8%
Physical diagnosed condition 22 122%
Digital wellbeing 19  10.6%
General mental wellbeing 16 8.9%
Productivity 13 7.2%

Code Frequency
Mental health diagnosed condition 10 5.6%
Social interaction 7 39%
Sustainability 7 39%
Learning 7 3.9%
Finance 5 2.8%
Others 7 3.9%

Our outcomes also highlight a growing interest in other domains,
most notably digital wellbeing (N=19, 10.6%), followed by goals
targeting productivity (N=13, 7.2%), sustainability (N=7, 3.9%), social
interaction (N=7, 3.9%), learning (N=7, 3.9%), and financial (N=5,
2.8%) domains. This is an important finding extending the focus on
specific goal domains, less explored in previous reviews [62, 68].
Digital wellbeing targeted limiting phone use [194], or reducing
time spent on social media [123], representing also growing topic
in other HCI areas such as technologies for self-regulation [11, 158].
The productivity domain has looked at time management [156], or
increasing productivity while multitasking [132].

Findings indicate limited research on behavior change in other
domains, with an emerging interest in sustainability (N=7, 3.9%),
social interaction (N=7, 3.9%), learning (N=7, 3.9%), or finance (N=5,
2.8%) domains. Examples of studies that focused on such goals
include reducing electricity consumption [69, 115], saving energy
during laundry [90], families sharing food-related photos for social
support [154], increasing social connectedness [58], or writing skills
to foster self-regulated learning [256], and discouraging impulsive
online spending [177]. The sustainability and financial goals reflect
more recent yet important HCI areas, so their highlight by our
findings merit acknowledgment.

Single vs multiple domain goals. We also looked at if and how
the reviewed papers explore multiple goals, within or across do-
mains. Findings indicate that only 36 papers (20%) target goals from
multiple domains, usually two (N=26) and less commonly three
(N=6), four (N=2), five (N=1), or six domains (N=1). The most preva-
lent co-occurring domains are physical activity (N=19, 10.5%), diet
(N=15, 8.3%), physical health conditions (N=10, 5.5%), and mental
health/wellness (N=6, 3.3%). Almost half of these papers (N=16)
include only goals across health-related domains. Most of the other
half (N=15) include goals from at least one of the health-related
domains and one from non-health domains, such as sustainability
and nutrition/diet (N=1), physical activity and productivity (N=1),
finance, physical activity, and nutrition/diet (N=1). The remaining
papers (N=5) include goals across non-health domains such as dig-
ital wellbeing and learning (N=2), and productivity and learning
(N=1). Another interesting outcome is that while some papers (N=7)
strive to integrate goals such as productivity and wellbeing at work
[99], or physical activity to manage chronic conditions [131], others
target goals from multiple domains in isolation, i.e., saving money
and exercising [6].

Key takeaways: Strong emphasis on physical health and well-
ness domains, particularly physical activity, followed by mental
health and wellbeing domains, including diagnosed physical or
mental conditions. There is limited focus on other domains besides
health and wellbeing, mostly digital wellbeing. Most papers target
goals within single domains, with only 20% exploring goals across
domains, usually 2, less frequently 3-6 domains, with at least one of
them being health or wellbeing. Few papers target the integration
of such goals rather than merely exploring them in isolation.

4.1.2  Goal Characteristics: Sociality and Motivation.

Goal sociality. To code for goal sociality, we employed Chulef
et al’s distinction [38] between individual (or intrapersonal), and
social (or interpersonal) goals related to family, or broader social
goals. Findings confirm the prevalence of individual goals (N=151,
83.9%) [68], but also the small, albeit growing interest in social
goals (N=34, 18.9%) (Table 2). Among the latter, two-thirds are
goals related to social groups like communities (12.2%), and the
remaining third to families (6.7%). Findings also indicate that only
a few papers focus on collective goals or one unique goal pursued
collaboratively, while most papers in the social domain are merely
shared or identical goals pursued independently by each individual
[233]. For example, shared family goals include awareness of and
reduction in household energy consumption [115], which however,
may not be a group goal since the recruitment criteria required
that at least one, but not each household member uses the app. An
example of a group goal is working together towards a community
display aimed to promote physical activity in local neighborhoods

Table 2: Distribution of papers with respect to goal charac-
teristics: sociality and intrinsic motivation (N=180). Some
papers fit multiple subcodes within a main code.

Code Frequency
Goal Sociality

Individual 151 83.9%
Group 22 122%
Family 12 6.7%
Goal Motivation

Intrinsic (likely) 63  35.0%
Intrinsic (explicit) 41  22.8%

Unspecified 76 42.2%
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Table 3: Distribution of papers with respect to HCI contri-
butions (N=180). Some papers fit multiple subcodes within a
main code.

Code Frequency
Contribution Types

Empirical 180 100.0%
Artifact 110 61.1%
Theoretical 9  5.0%
Methodological 8  44%

[84]. We also looked at how individual/social goals vary by domain,
and findings indicate that while individual goals are prevalent in
most domains (over 80%), social ones are more common in the
sustainability (5/7) domain. This outcome highlights the value of
studying collective goals, such as generative concerns for younger
generations which underpin environmental sustainability [10].

Goal motivation. We coded for goal motivation if recruitment
criteria explicitly required participants’ interest in the goal targeted
by the technology being explored, i.e., intrinsic explicit, or if recruit-
ment criteria required participants whose goals were likely aligned
to those targeted by the explored technologies, albeit not explic-
itly required, i.e., intrinsic likely. An important outcome is that the
largest set of papers (N=76, 42.2%) neither specify nor account for
users’ intrinsic motivation for the targeted goals (Table 2). Also sig-
nificant is that less than a quarter of papers (N=41, 22.8%) explicitly
recruited participants whose personal goals matched those targeted
by the technologies explored in the study. For instance, Konrad et
al. [120] recruited participants interested in reducing their stress.
Other efforts to match the goals targeted by technology are re-
flected in the second largest group of papers (N=63, 35%), which use
recruitment criteria as a proxy for participants’ potential intrinsic
motivation in such goals. Among these, some papers (N=23) do
not explicitly clarify whether participants were actually interested
in pursuing that goal. Proxy criteria included, for instance, health
conditions that made it likely for people to be motivated to pursue
the goal studied by researchers, such as Type 2 Diabetes for studies
related to nutrition goals [78], participants living with depression
for studies on mental health apps [121], or those managing multiple
chronic conditions for studies on self-management technologies
[61]. Apart from intrinsic motivation for goals targeted by tech-
nology, some papers also explored users’ motivation for behavior
change by employing the Transtheoretical Model (TTM) [206] for
screening off participants not ready to engage in the goal being
studied [194].

Key takeaways: Strong emphasis on individual goals, with
limited focus on social goals. The latter tend to be shared rather
than collective or collaboratively pursued. Limited explicit focus
on users’ intrinsic motivation for goals, which is tacitly assumed
through recruitment.

Jun Zhu, et al.

4.2 Goal Studied: Research Contributions,
Research Methods, Measures and
Stakeholders

This section describes how goals are studied with a focus on main
HCI contributions, research methods, measures, and with whom,
i.e., stakeholders (RQ2).

4.2.1 Contributions to HCI Research. Using Wobbrock and Kientz’
classification [259], findings indicate that all papers (100%) make
empirical contributions, followed by artifacts (61.1%), and to a lesser
extent theoretical (5.0%) or methodological (4.4%) contributions
(Table 3). The prevalence of empirical contributions is not surprising,
given our inclusion criteria for studies of participant goals. A third
of the papers made only an empirical contribution (N=59, 32.1%),
while the rest of the papers (N=121, 67.2%) made multiple types
of contributions, most often reporting both empirical and artifact
contributions (N=100, 55.6%). As we excluded papers that did not
involve participants, our corpus did not include papers that only
make an opinion, literature survey, or theoretical contribution.

Artifacts are the second main contribution reported in over 60%
of the papers, which consist of interactive prototypes [64, 95] such
as mobile apps (N=59 of 110, 53.6%), web-based applications, or
browser extensions (N=18 of 110, 16.4%), wearables and smart
watches (N=13 of 110, 11.8%). Theoretical contributions featured in
9 papers (5%) and consisted of new models, frameworks, principles,
or contributions to design research theories. Examples included
models for tracking to support healthy eating [152], for decision-
making in self-management of health conditions [105], and for
engaging users in mental health therapy [229]. Methodological con-
tributions were reported in 8 papers (4.4%) and consisted of novel
design methods such as approaches exploring the value of domestic
technologies for personal goals [27], design tools for personaliz-
ing health wearables [15], or design research methods for tracking
practices [85].

Key takeaways: Prevalent empirical contributions, followed by
artifact contributions, with considerably less focus on theoretical
or methodological contributions.

4.2.2 Research Methods. To code research methods, we employed
a classification previously used in HCI systematic reviews [219]
consisting of qualitative, quantitative, and mixed methods. Table 4
Research Methods (top left). Most papers employ mixed qualitative
and quantitative methods (N=97, 53.9%), with about a quarter (N=47,
26.1%) using only qualitative methods (usually interviews), while
another quarter (N=36, 20%) employs only quantitative methods,
in particular experiments.

With regard to the qualitative methods, the most common ones
are interviews (N=126, 70.0%) to gather participants’ needs and ex-
periences both in the early stages of design, as well as their feedback
on high-fidelity, interactive technologies [100, 140, 215]. These were
followed by participatory design or co-design workshops (N=25,
13.9%) to create prototypes[131], and gather users’ feedback [36].
Less reported qualitative methods include focus groups (N=12, 6.7%),
diary studies (N=11, 6.1%), or observations (N=7, 3.9%). In terms of
quantitative methods, experiments were prevalent (N=48, 26.7%).
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Table 4: Distribution of papers with respect to research methods, approach, measure type, goal measures, and engagement
measures (N=180). Some papers fit multiple subcodes within a main code.

Code Frequency Code Frequency
Research Methods Goal Measures

Mixed 97  53.9% Behavior 78 43.3%
Qualitative only 47 26.1% Physical 30 16.7%
Quantitative only 36 20.0% Digital wellbeing 21 11.7%
Approach to Capturing Goal Measures Eating 17 9.4%
Manual 79 43.9% Sleeping 5 28%
Automatic 51 28.3% Restorative 4 2.2%
Not applicable 74 41.1% Sustainable 1 0.6%
Goal Measures Types Goal attainment 26  14.4%
Custom made measures 76 42.2% Motivation 64 35.6%
Established scales 47 26.1% Emotion 19 10.6%
Not applicable 74 41.1% Attention 1 0.6%
Engagement with Technology Measures Body physiology 2 1.1%
User experience/adoption 55  30.6% Goal-oriented work 9  5.0%

Usability 16 8.9%
Not applicable 115 63.9%

Key takeaways: Most papers employed both qualitative and
quantitative research methods, most commonly interviews and
experiments, respectively.

4.2.3  Goal Measurement: Approach, Measures. To capture the rich
range of goal measures, we employed the following codes reflecting
the content being measured: behavior, motivation, emotion, atten-
tion, body-related metrics, as well as goal-oriented work. We also
coded the approach used to capture goal measures if such measures
were captured manually by participants or automatically logged
(e.g., step counter, use logs). Goal measure types were coded as such
if the reported measure was established, such as a validated scale
or a custom-made one.

Findings indicate that most studies captured goal measures man-
ually through self-reports (N=79), with under one-third using auto-
mated means (N=51). We also found wide use of established scales
(N=47), most validated in prior research (N=43). Supplementary
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Figure 6: Distribution of papers with respect to goal measures
broken down by goal domains.

material, Section 5 lists all validated scales for goal measures across
domains and curated references reporting their validity.

Regarding measured content, findings indicate a broad range of
goal measures. Figure 6 shows the use of various goal measures
across domains, with behavior measures being prevalent (N=78)
across most domains, emotion measures most commonly used in
mental health general and diagnosed condition domains, and atten-
tion mostly in productivity and digital wellbeing domains.

We organized behavioral measures into eight groups related to
(i) physical activity (i.e., step count) (N=21), duration (N=3), dis-
tance (N=2), (ii) phone overuse (i.e., screen time) (N=12), count
of phone/app use (N=5), problematic behavior (N=2), (iii) eating
behavior (i.e., food consumption) (N=5), food variety (N=3), calo-
rie count (N=2), or portion size (N=1), (iv) sleep behavior such as
duration (N=3) and quality (N=2), (v) learning behavior (N=6), (vi)
restorative behaviors such as duration spent in nature (N=4), and
(vii) sustainable behavior such as energy consumption (N=2). The
eighth behavioral measure relates to the goal itself, namely goal
attainment. Goal attainment measures, such as simple, self-reported
measures of goal progress or completion, are a surprisingly popular
behavior-agnostic measure across domains (N=30). Goal attainment
scales were often reported in categorical format, i.e., yes or no op-
tions to answer if the goal has been completed [120, 138], followed
by self-reported percentage of goal completion, i.e., 50% [101, 208],
and 9- or 10-point Likert scales [82, 134].

Motivation-related measures are the second largest after behavior
measures, including (i) motivational beliefs such as self-reported
self-efficacy [22, 203] (N=6), (ii) motivation for change informed by
the Transtheoretical model [206] (N=6), and (iii) other aspects such
as self-control, perceived fit for self, reward, coercion, or persuasion
(N=13).

Emotion-related measures include self-reported negative emo-
tions such as stress or anxiety, most often through validated scales
such as the Patient Health Questionnaire (PHQ-9) or Perceived
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Table 5: Distribution of papers with respect to stakeholders, age, country and gender language (N=180). Some papers fit multiple

subcodes within a main code.

Code Frequency Code Frequency
Stakeholders Age
Non-clinical general population 111 61.7% Adult 157 87.2%
Adults w/ health conditions 29 16.1% Senior 52 28.9%
University students 24 13.3% Under 18 years 18  10.0%
Health experts 16  8.9% Unspecified 29 16.1%
Education experts 9 5.0% Country
Workers 7 3.9% Western 87 483%
Children w/ health conditions 4  22% Non-western 19  10.6%
Students - pre-college 4 22% Western & Non-western 4 22%
Design experts 3 1.7% Unspecified 70 38.9%
Unspecified 4 22% Gender Language
Non-inclusive language 141 78.3%
Inclusive language 23 12.8%
Non-binary participants 21 11.7%

Stress Scale (N=15), and positive ones such as wellbeing or life
satisfaction (N=4).

Attention measures include self-reported mindfulness, absent-
mindedness, or focused attention (N=4), multitasking (N=1), and
task time (N=1). In contrast, body physiology related measures such
as heart rate or physical symptoms, were surprisingly few (N=2),
and employed in health and wellbeing domains.

Goal-oriented work. We also noted the emergence of goal-oriented
work [27], for instance, the use of Personal Project Analysis (PPA)
workbooks [146, 147]; with PPA being a cognitive motivational
method commonly used in both therapy [55], and health domains
[48] to support people accessing, and reflecting on their goals. Goal-
oriented work also included breaking down the goals and prompting
readiness to change in therapy domain [35] facilitated by motiva-
tional interview [212]. Another example is Chaudhry et al’s [33] use
of a goal-oriented care approach through which health experts used
motivational interviewing to enable patients living with multiple
conditions to identify the goals they would like to pursue, followed
by setting SMART goals and tracking them. Lee et al. [137] em-
ployed a similar approach by exploring health experts’ work of
facilitating users’ deeper reflection on their own goals. Finally, un-
der goal-oriented work, we also have scales for self-reported goal
criteria such as importance and difficulty (N=3).

Engagement with technology measures. An interesting outcome
is the use of behavior measures as indicators for engagement with
the technology (N=55, 30.6%), including long-term adoption in the
wild. For instance, through measures of physical activity, as well as
system logs on technology use. In addition to goal measures, other
quantitative measures include traditional usability scales (N=16,
8.9%) such as SUS, SASSI, and NASA TLX.

Key takeaways: Goal measures are captured mostly through
self-reports such as validated scales and custom-made measures.
Measures target predominantly behavior for tracking physical ac-
tivity, screen time, food consumption, sleep, learning, restorative,
or sustainable behaviors, followed by goal attainment, motivation,

emotion, and to a lesser extent, attention and body physiology mea-
sures. Nascent research applies goal-oriented methods to support
awareness and reflection on goals and their deep motives.

4.2.4 Stakeholders. We inductively generated codes from recruit-
ment criteria such as diagnosed conditions, participants’ occupa-
tion, and age (using the World Health Organization guidelines
[260]). Findings indicate that most papers (61.7%) engaged with
non-clinical general population (N=111), followed by adults diag-
nosed with health conditions (N=29), and university students (N=24)
(Table 5). A significant outcome is a limited engagement of health
experts such as medical staff, therapists, eating or sleep experts,
with only 16 papers engaging them, despite the largest interest in
physical or mental health/wellbeing. Findings also indicate a small
set of papers involving children with diagnosed physical (N=2) and
mental (N=2) conditions. Additional groups of participants included
education experts (N=9), workers (N=7), school children (N=4), and
design experts (N=3).

Vulnerable participants: Clinically diagnosed people, children, or
older adults. We also looked at the inclusion in participant sam-
ples of vulnerable users namely clinical populations, children or
older adults. Findings highlight that from papers that engaged with
participants living with diagnosed conditions, the most commonly
reported were diabetes (N=4) [78, 105], asthma (N=2) [175, 252],
multiple sclerosis (N=2) [20, 82], migraine (N=2) [227, 228] and
other conditions (N=7) such as cancer and heart disease [164, 266].
In addition, 6 papers targeted the management of multiple chronic
conditions [33, 61, 138]. In the mental health domain, papers re-
ported studies with participants living with diagnosed depression
(N=4) [71, 169], depression and anxiety (N=3) [121, 264], ADHD
(N=2) [41, 239], or psychosis (N=1) [70]. With respect to age, 157
papers (87.2%) included adults between 18-60 years old. Two sets
of papers engaged vulnerable users, namely children or teenagers
under 18 years of age (N=18), and senior adults over 60 years (N=52)
including those with diagnosed conditions (N=16).

Participant samples: Inclusiveness. Inclusiveness of participant
samples matters as it reflects with whom and for whom the HCI
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Table 6: Distribution of papers with respect to types of technologies explored and their theoretical underpinning (N=180). Some

papers fit multiple subcodes within a main code.

Code Frequency Code Frequency
Technology Studied Theories Mentioned Used
Mobile apps 78  43.3% Goal-Setting Theory 32 178% 12 6.7%
Wearable 29 16.1% Transtheoretical Model 22 122% 8 4.4%
Web/Tablet 24 133% Social Cognitive Theory 17 9.4% 6 3.3%
Tangible 9  5.0% Self-Determination Theory 16  8.9% 10 5.6%
Ambient 8  44% Five-Stage Model 15 8.3% 2 1.1%
Unspecified 32 17.8% Lived Informatics Model 15  8.3% 3 1.7%
Dual Systems Theory 10 5.6% 5 2.8%
Theory of Planned Behavior 8  4.4% N/A  N/A
Fogg Behavior Model 8  4.4% 3 1.7%
Social Comparison Theory 5  2.8% 4 2.2%
Self-Regulation Theory 5 2.8% 3 1.7%
Others 121 67.2% 51 28.3%
Unspecified 47  26.1% 103 57.2%

research on goals for behavior change is undertaken. To understand
if participant samples were broadly inclusive and representative,
or if they reflect the acknowledged HCI WEIRD bias (Western,
Educated, Industrialized, Rich, Democratic) [144], we employed
Linxen et al’s [145] categories of Western and non-Western focus
of the research to code for the country in which the study took
place. We also coded for the gender language of reporting partici-
pant samples such as sex, gender, or more inclusive language. Our
outcomes confirm the WEIRD bias, as most papers (61.1%) among
those which reported participants’ country (N=110), mentioned
the Western context (N=87) in which they were conducted, namely
the United States (N=61), followed by the United Kingdom (N=14),
Germany (N=5), and Canada (N=5). The remaining 19 papers re-
ported non-Western countries namely Korea (N=8), China (N=4),
and India (N=3). With respect to gender-inclusive language, only 21
(11.7%) papers included participants who identified as non-binary
(e.g., trans, genderqueer). Most papers reported binary gender cate-
gories: 23 papers reported women/men, while the largest number
of papers (141, 78.3%) reported biological sex (female/male).

Key takeaways: Prevalent engagement with nonclinical pop-
ulation, albeit limited with the clinical population (i.e., diabetes,
depression, anxiety) or experts. Vulnerable users included mostly
older adults, followed by children or teenagers. Limited inclusive-
ness of participant samples, confirming WEIRD and binary gender
biases.

4.3 Technologies Studied in Research on Goals
for Behavior Change: Types, Theories,
Evaluation

This section describes technologies studied by HCI research on

goals for behavior change, their theoretical underpinning, and the
site and duration of their evaluation.

4.3.1 Types of Technologies. We coded the types of studied tech-
nologies as mobile app, wearable, web application, browser exten-
sion, tangible, ambient device, tablet/desktop. Findings show that

most papers (N=148, 82.2%) explore specific technologies, while
others (N=32, 17.8%) focus on broader classes of technologies such
as designing for mental wellness [106], or models such as that of
personal informatics [67].

Table 6 (left) shows types of technologies and their frequencies.

Mobile apps are by far the most explored technologies (N=78,
43.3%) across domains, followed by wearable (N=29, 16.1%), web/tablet
apps (N=24, 13.3%), and to a lesser extent tangible (N=9, 5.0%), and
ambient technologies (N=8, 4.4%). Mobile apps focusing on health
and wellbeing include those motivating daily exercise [101], man-
agement of stress [245], or chronic conditions [173]. Examples
from other domains include apps supporting work productivity
[118], or energy saving [140]. Wearables such as smartwatches and
trackers are mostly used for health and fitness [198], or wellness
like stress tracking [183]. Interestingly, web-based applications and
browser extensions feature almost as much as wearables. However,
unlike mobile apps prioritizing fitness goals, web-based apps and
browser extensions are preferred for wellbeing or productivity
goals [99, 123]. While less explored, tangibles focused mostly on
health/wellness, sustainability [223], or learning goals [100]. Am-
bient technologies include smart home and IoT devices targeting
mostly sustainability, learning, and digital wellbeing goals.

Key takeaways: Most papers focus on specific technologies in
particular mobile apps and wearables for physical activity, health,
and wellbeing goals, and less so on tangible or ambient technologies
which target sustainability, learning, and digital welbeing goals.

4.3.2  Theoretical Underpinning. We coded whether papers engaged
with theory in related work, i.e., theory mentioned, or in the design
of artifacts, i.e., theory used. An important outcome is the limited
use of theories for design (N=77, 42.8%), despite extensive refer-
ences to them in papers’ state-of-the-art (N=133, 73.9%), and the
large number of different theories both mentioned (121 theories)
and used (57 theories), with over 70% of them being used only once.
The top four most used theories are described below.

Goal setting theory [148] argues for the motivational value of
setting, tracking, and monitoring appropriate goals, which should
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Table 7: Distribution of papers with respect to technology evaluation site, and duration (N=125). Some papers fit multiple

subcodes within a main code.

Code Frequency
Evaluation Site

Controlled setting 24 19.2%
Everyday life 70 38.9%
Home 12 6.7%
School 6  33%
Workplace 5 2.8%
Church 2 1.1%
Hospital 2 1.1%
Others 4 2.2%
Unspecified 3 1.7%

Code Frequency
Evaluation Duration

<1 day 13 10.4%
2-7 days 9  72%
8-14 days 23 18.4%
15-21 days 18  14.4%
22-31 days 20 16%
1-3 months 23 18.4%
>3 months 9 7.2%
>1 year 1 0.8%
Unspecified 14 11.2%

be specific and somehow challenging as they lead to higher perfor-
mance, which in turn supports self-efficacy. Among our reviewed
papers, it was used for physical activity, digital wellbeing, or nutri-
tion goals [34]. Self-determination theory argues that by meeting
psychological needs of competence, autonomy, or relatedness, peo-
ple can internalize over time external motivation [57]. It was used
for physical activity and social goals: Storywell app encourages
parents and children to set physical activity goals, whose comple-
tion is rewarded with stories [216]. Transtheoretical model of change
[206] identifies 5 readiness to change stages: precontemplation, con-
templation, preparation, action, and maintenance. Various scales
operationalized it to specific domains [163], and reviewed papers
use them to screen out participants in the precontemplation stage
who are not interested in behavior change [112, 194, 208]. Social
cognitive theory [21] argues that high self-efficacy, or motivational
belief in the ability to complete a goal [203], is a strong determi-
nant of behavior change, which can be supported by experiencing
success towards goals. This theory informed Lee et al” [138] de-
sign of a smart pillbox providing visual, near real-time feedback on
medication taken to support self-efficacy and self-awareness.

Key takeaways: While most papers mentioned theories, less
than half use them to inform technology design, albeit such use is
thin, engaging many theories only once, with a small set of theories
being consistently used by less than 20% of papers.

4.3.3  Technology Evaluation: Site and Duration. We coded eval-
uation sites such as labs (controlled environment) or real-world
settings (in the wild), including specific sites such as everyday life,
schools, and hospitals. Findings show that from the 148 papers
studying technologies, 125 reported their evaluation.

Evaluation Site. An important finding is the extensive body of
work (N=99, 55%) focused on evaluation in-the-wild, with the re-
maining papers (N=24, 19.2%) describing evaluation in controlled
settings such as in the lab (Table 7). Unlike the former group focus-
ing on fully working prototypes, the latter evaluates early-stage
prototypes [184] targeting mostly physical activity [64] and dig-
ital wellbeing [231], or fully working prototypes whose "preuse
acceptability” [181] was explored in the lab, as a prerequisite for
later deployment. Findings indicate the prevalence of deployment
for everyday life (N=70) with technologies targeting goals related
to physical activity, nutrition/diet, diagnosed physical and mental

health conditions, mental wellbeing, digital wellbeing, or productiv-
ity [82, 224]. In addition, papers (N=27) report specific deployment
sites namely home (N=12) [69, 138, 261], school (N=6) [7, 160, 256],
workplace (N=5) [32, 168, 208], church (N=2) [109, 188], and hospi-
tal (N=2) [113, 252], most often targeting domains like health and
wellness or diagnosed physical condition for homes, learning for
schools, physical activity and nutrition/ diet for workplaces, well-
ness and wellbeing for churches, and diagnosed physical condition
for hospitals.

Evaluation Duration. We coded for duration: under one day, 1, 2,
3 weeks, 1-3 months, over 3 months, or over 1 year, for which we
draw on the recommended several weeks duration for evaluation
of behavior change technologies [93, 116]. Outcome show that
most of the technology evaluation in controlled settings took place
within one day (N=13, 10.4%), while deployment in the real-world
settings focused on continuous use over longer durations. The
latter lasted most often less than one month (N=70 of 99, 70%),
of which 61 were evaluated for more than a week, for example, 1
and 2 weeks (N=23, 18.4%) or between 3 and 4 weeks (N= 20, 16%).
The next most common duration was between 1 and 3 months
(N=23, 18.4%) of 125 real-world deployments. Findings also show
that deployments less than 1 week (N=9, 7.2%) or over 3 months are
rare (N=9, 7.2%), and those over 1 year are even more so (N=1, 0.8%).
In terms of goal domains, deployments between 1 and 3 months
targeted mostly physical activity [160, 216], digital wellbeing [123],
and sustainability [115]; those between 1 and 2 weeks focused
on nutrition/diet [154, 224], other health and wellness [100], and
social domain [166], while those between 3 and 4 weeks on physical
activity, as well as nutrition/diet.

Key takeaways: Almost 70% of papers evaluate technologies,
most of these in-the-wild (N=99), usually lasting between one week
and one month, and targeting everyday life or specific sites such as
home, school, or workplace, while the rest of papers (N=24) evaluate
technologies over less than one day, in the lab.

4.4 Technology-based Interventions for
Behavior Change Evaluated in-the-Wild
Our final research question (RQ4) focused on the effectiveness of

interventions deployed in-the-wild [80]. 81 papers describing eval-
uations in-the-wild were screened for four criteria described in
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Figure 3, leading to 37 papers reporting the evaluation of one or
more interventions. For this reason, we pivoted from paper as the
unit of analysis, as used in the above sections, to intervention as
the unit of analysis, leading to a set of 76 interventions identified
within 37 papers.

4.4.1 Intervention Type. By employing Michie et al’s taxonomy of
intervention techniques for behavior change [170], we consistently
captured the different types of interventions. Table 8 presents the
distribution of codes related to intervention type for the 76 interven-
tions evaluated in-the-wild as identified from the 37 relevant papers.
Findings indicate various interventions, most of which, however,
belong to a small number of types, as further detailed. Goals and
planning (N=18/76) and Feedback and monitoring (N=13/76) are
the two most common interventions across all domains. Goals and
planning interventions include setting goals for how much time to
spend on a digital device [4], or the type of food to eat [224]. Ap-
proaches to setting goals include private/public goals [178], or goals
adjusted manually/automatically [137]. Feedback and monitoring
interventions include tracking and reflecting on tracked data, for
instance, for wellbeing [97], physical activity [30], or medication
intake [138]. Scheduled consequences interventions involve with-
drawal of something desired albeit problematic, such as access to
digital activity. These are the most used interventions for the digi-
tal wellbeing domain (N=12/21) to limit screen time [110]. Shaping
knowledge interventions (N=7/76) provide psychoeducation on well-
being goals such as sleep hygiene [134], while Reward and threat
interventions (N=5/76) provide incentives such as financial ones to
support sustainability [166], or digital wellbeing goals [194].
Interventions across goal domains. Most interventions targeted
physical activity (N=22/76) and digital wellbeing (N=21/76), fol-
lowed by nutrition/diet (N=8), sleep (N=6), mental health (N=6),
sustainability (N=4), and smartphone security (N=4) (see Table 2 in
Supplementary material). While the prevalence of some of these re-
flects the interest of reviewed papers in these domains, the presence
of digital wellbeing interventions, those for sleep, sustainability,
and cybersecurity are higher than expected. Findings also show
different uses of intervention types across domains, with digital
wellbeing and nutrition/diet domains benefiting from a larger range
of interventions. More importantly, despite various measures of
outcome, two domains consistently employ some of these measures,
i.e., step count for physical activity, and screen time for digital well-
being, which allows for a comparative analysis of their effectiveness
as shown in our meta-analysis 4.4.3, while other domains do not.
Key takeaways: The most common interventions are goals and
planning; feedback and monitoring; and scheduled consequences
(N=43/76, 57%). Most interventions target physical activity and dig-
ital wellbeing goals (N=43/76, 57%), with consistent use of some
measures, i.e., step count or screen time, which allows for compari-
son of effectiveness, while interventions in other domains employ
less consistent measures, which hinder the comparison of their
effectiveness. Future work for these other domains can address this
gap by focusing on the consistent use of valid outcome measures.

4.4.2 Intervention Effectiveness: Effect Size, Sample Size, Duration,
Measured Outcome, Change Significance.

Extracting/computing effect size. We extracted additional data
on effect size, i.e., the difference in standard units between the
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means of the experimental group and a baseline group for all the
76 interventions evaluated in-the-wild. Our analysis indicates that
only 14 of these 76 interventions reported effect sizes. In contrast,
30 interventions (N=30/76) reported neither effect sizes nor the
data needed to compute them. The remaining 32 interventions did
not report effect sizes but provided data on sample size, mean, and
either standard deviations or standard errors for both the baseline
and experimental phases or groups. Standard errors were converted
into standard deviations by multiplying the former by the square
root of sample size [222]. For these 32 interventions, we used such
data to compute the intervention’s effect size in Cohen’s d [130],
and subsequently Hedges’ g as recommended for meta-analysis
targeting evaluations of effect sizes for various sample sizes as in
our corpus [246]. We used sample sizes to compute the standard
error of Hedges’ g effect size [246] for the main outcomes targeted
by the intervention and assigned statistical significance levels. For
the small number of interventions (N=7/76) that have more than
one main measure, we also applied the Bonferroni correction [204].

Overview of intervention effectiveness in-the-wild. Figure 1 and 2
in the Supplementary material provide the list of 76 interventions,
with additional codes and extracted data as recommended by the
meta-analysis [165] namely intervention type and duration, sample
size, technology, measured outcome, goal domain, and effect size.

Sample size. Our reviewed interventions were evaluated with
participant samples of different sizes (Median=18, Mean=26, Range:
5-169).

Technology. The most common technologies for in-the-wild in-
terventions are still mobile apps (N=38/76) used across domains,
followed by web apps (N=13/76) for mental health, physical activity,
and sustainability goals; wearables (N=10/76) for physical activ-
ity, health, and sleep; and browser extensions (N=7/76) for digital
wellbeing.

Intervention duration. 59% of the interventions (N=44/76) were
evaluated between one and four weeks, 30% (N=23/76) between
1 and 3 months, while 9.2% (N=7/76) studies deployed for over 3
months, and 2 did not control for the duration.

Significant intervention impact. Among interventions for which
we extracted or computed effect size (N=46), 41% (N=19) show
significant desired changes in measured outcomes, while the rest

Table 8: Distribution of behavior change technology-based
interventions evaluated in-the-wild (N=76) in terms of inter-
vention type

Intervention Frequency

Goals and planning 18 23.7%
Feedback and monitoring 13 17.1%
Scheduled consequences 12 15.8%

Other 8 10.5%
Shaping knowledge 7 9.2%
None (control) 7 9.2%
Reward and threat 5 6.6%
Social support 2 2.6%
Associations + rewards 2 2.6%
Associations 2 2.6%
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Interventions and their effect sizes on step count

Social support (Ren et al, '18) 4 —_—e—— 0091

Feedback/monitoring (Miyake et al. '21) 4 ——e—0385

Goals/planning (Lee et al. '15) —eo—0.77

Goals/planning (Munson et al. '15) 4 —e—0.72
Goals/planning (Munson et al. '15) 4 —e—0.69
Goals/planning (Munson et al. '15) 4 — o061

Goals/planning (Lee et al. '15) 4 ———036

@ Effect sizes

P 0.32
@ Overall effect

Goals/planning (Algahtani et al. '20)

Goals/planning (Lee et al. '15) —t—e——032
Goals/planning (Jung et al. '21) ——e—023
Goals/planning (Lee et al. '15) o —te——015
Feedback/monitoring (Miyake et al. '21) ——o——0.04
Goals/planning (Jung et al. '21) — o003

Social support (Ren et al. '18) - —_—————-0.22

-8-0.50
Favors control Favors treatment
-1 0 1 2 3 4
Effect sizes
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Interventions and their effect sizes on screen time reduction

Reward and threat (Park et al. '21) —e—1.22

Scheduled consequences (Inie et al. '23) —e——0.85

Scheduled consequences (Xu et al. '22) —e—0.85

Reward and threat (Park et al. '21) —e—0.74

Feedback/monitoring (Okeke et al. '18) ———0.58

Scheduled consequences (Kim et al. '19) 4 —e—0.53

Feedback/monitoring (Okeke et al. '18) ——e——0.49
@ Effect sizes

035 ® Overall effect

Scheduled consequences (Kim et al. '19)

Scheduled consequences (Xu et al. '22) +—e—0.34
Scheduled consequences (Lyngs et al. '20) 4 ——e——0.29
Scheduled consequences (Xu et al. '22) 4 —e—0.03
Control - no feedback (Okeke et al. '18) q ———-0.08
Control - no blocking (Kim et al. '19) —e——0.21
Control - no rewards (Park et al. '21) 4 —e—0.41

56

Favors treatment

*0
Favors control
-1 0 1 2 3 4
Effect sizes

Figure 7: Forest plots showing the interventions and their effect sizes in Hedges’ g (mean and 95% confidence interval) sorted in
descending order, followed by controls and overall effect (left: interventions on step count, right: interventions on reducing

screen time)

either fail to demonstrate significant effects (N=24, 52%) or show
significant change albeit in the opposite rather than the desired
direction (N= 3, 7%). We detailed five highly effective interventions
across domains in the Supplementary material. The lack of signifi-
cance was associated with low sample sizes [208], different types of
interventions where the targeted outcome is not high enough, i.e.,
moderated goals for physical activities [13], or too high [174], or
when the targeted measure of outcome is unfamiliar to users, such
as self-reported sleep quality which people develop awareness for
and learn to report more accurately,while earlier self-reports are
less accurate [50].

Key takeaways: The average intervention evaluated in-the-wild
is delivered on mobile app, to samples no larger than 30, using it be-
tween 1 and 4 weeks. While 41% of the interventions across domains
led to significant desired changes in their measured outcomes, the
lack of significance shown by 52% of the interventions suggests
the importance of stronger design rationale better addressing, for
instance, the issue of goal difficulty and users’ familiarity with mea-
sured outcomes. At least 39% of the evaluated interventions do not
report data on effect size, which hinders the ability to estimate their
impact and to contribute to cumulative science [130].

4.4.3 Meta-Analysis: Interventions’ Effectiveness. The most com-
mon measures of intervention outcomes were screen time (N=19/21)
for digital wellbeing, step count (N=18/22) for physical activity,
followed by goal attainment measure (N=13/76) across multiple
domains, i.e., self-reported goal progress, behavior frequency, or
"successful days" of engaging in target behavior [95]. Given the
different types of interventions and their measures, it is not trivial
to see which interventions were most effective. For this, we run a
meta-analysis whose aim is to explore the synthesis of the effective-
ness across different interventions [92]. From the 76 interventions,
we identified those that have the same measured outcome, which

led to 2 sets of 14 interventions each. One set has step count as the
measured outcome, and the other one has screen time.

We conducted a fixed-effect meta-analysis, on each of these
2 sets of interventions, weighting by inverse variance. Findings
indicate that one model exhibits high heterogeneity: I? of 0% for
step count, and 62% for screen time. We found a significant overall
effect of 0.50 (95% confidence interval from 0.34 to 0.67) for the
first set of interventions focused on increasing step count, and a
similar significant overall effect of 0.56 (95% confidence interval
from 0.45 to 0.67) for the second set focused on reducing screen
time. Note that positive effects imply beneficial results, as we report
the reduction in screen time, and not screen time. Figure 7 shows
the two Forest plots, left one for interventions for increasing step
count, and right one for those for decreasing screen time. The plots
show the explored interventions and their respective effect sizes in
Hedges’ g (mean and 95% confidence interval), sorted in descending
order for the experimental groups, followed by controls and overall
effect. A recent meta-analysis on digital self-control tools [210]
reported a similar overall effect.

The most effective intervention for increasing step count involves
social support from proximal peers in a work setting (0.91 effect
size) [208], while the alternative version with distal peers was in-
effective (-0.22 effect size, worse than baseline). Other effective
interventions include providing a predicted trend of hourly step
count based on previous step count [174] and answering reflec-
tive questions while setting challenging goals [137]. Among the
interventions for reducing screen time, the most effective rewards
intervention [194] had an effect size of 1.22 for limiting the use of
distracting apps. Another digital wellbeing intervention of schedul-
ing consequences or redirection of activity [96] from time-wasting
websites to learning platforms reported the second large size effect
of 0.85.
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Key takeaways: The technology-based interventions evaluated
in the wild, targeting physical activity goals and digital wellbeing
goals, were effective as a group. Although there was variability, sig-
nificant overall medium effect sizes of 0.50 and 0.56 were observed,
respectively. Social support, particularly from proximal peers, was
the most effective intervention for physical activity, while rewards
and threats, particularly the loss of virtual rewards, was the most
effective for digital wellbeing.

5 IMPLICATIONS AND DIRECTIONS FOR
FUTURE RESEARCH

We now reflect back on our research questions and highlight the
main insights from our findings, both for describing the HCI state-
of-the-art research on goals for behavior change, and for charting
future research directions. The latter are intended to both expand
the design space of these technologies beyond the present preva-
lent research foci, and to deepen the efforts for more effective
technology-based interventions.

5.1 Single-Domain Goals vs Multiple-Domain
Goals

People have goals that range in focus from social life (family, ro-
mance, friends) to health, learning, education, finance, spirituality,
career, and more [38]. Unlike people having varied goals, we were
surprised to find an overwhelming amount of papers focused on
health in general (80%) and on physical activity (38.9%) more specif-
ically. In contrast, mental health and wellbeing are less represented,
and so are goals related to managing diagnosed conditions. While
physical activity is clearly important, impacting both physical and
mental health, we see opportunities for a higher representation of
supporting goals in other aspects of people’s lives [38]. Emerging
work in other domains such as sustainability, or finance is much
needed, suggesting a possible shift towards broader goal domains
than previously described [62, 68]. These other goal domains could
benefit from other relevant HCI research, not focused on behavior
change, i.e., sustainability [89, 162], or money and HCI [9, 199].
Findings also show that most goals were explored in single do-
mains, with only 20% of the papers targeting multiple domains,
most of these also prioritizing health. We argue for the value of ex-
ploring multiple goals, both individual and social, especially across
domains [151] so that they better reflect complex goal hierarchies
[38]. For instance, the management of co-morbidities is an area that
can very much benefit from a multiple-domain goal approach. The
exploration of multiple-domain goals can open up exciting new
design opportunities for the most holistic, lived experiences. Fu-
ture work is needed to explore how to best balance their increased
benefits with additional demands for competing resources.

5.2 Individual & Low Intrinsic Goals vs Social &
High Intrinsic Goals

Our findings confirm the prevalence of individual goals in HCI
research for behavior change [68], while social goals are captured
by less than 20% of the papers, with only 6% discussing goals as
they pertain to families. Since a large sample of our papers focused
on health, we were surprised not to see more social engagement
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with goals, given past calls to action from family informatics lit-
erature [201]. We found it encouraging to see some focus of the
community level (e.g., neighborhood) particularly focused on sus-
tainability goals, but we hope that more future studies would tackle
urgent issues of sustainability [162]. We also encourage focus at the
community or neighborhood levels of health-related technologies.
Researchers of physical activity have pointed out unique challenges
that people living in low socio-economic neighborhoods could en-
counter in pursuing physical activity [216, 218]. Broadening certain
domains of health to the community level could contribute to a bet-
ter understanding of how to support community health goals. Given
the sociality of human experiences, we encourage researchers to
pursue more research that involves understanding and designing
for people’s goals pursuit in social settings.

Another key finding regards goal characteristics and the limited
focus on participants’ intrinsic motivation for the goals targeted
by the explored technology (23%). According to self-determination
theory [57], intrinsic motivation is internal, linked to one’s interests
and values, and thus a strong predictor for long-term engagement
in goal pursuit [75]. This limited focus is surprising, given also
the commitment required for behavior change, which suggests a
possible disconnect of behavior change technologies from users’
values and personal goals. This is a significant outcome, and closely
linked to how goals are measured. We argue for the value of new
research directions focusing on users’ high intrinsic goals. This
could include supporting users’ awareness of them, and efforts to
prioritize them. We also need additional approaches to make goal
motivation more relevant in the recruitment of users for studies of
technologies targeting behavior change.

5.3 Quantitative Goals, Behavioral Measures
(Step Count & Screen Time) vs Qualitative
Goals, Broader Measures

As shown by our findings, most behavior change technologies focus
on quantitative goals, confirming previous emphasis of tracking
technologies on quantitative goals, particularly step count [62]. Our
outcomes, however, extend these goal measures with a rich set of
behavioral measures, including behavioral measures of physical
activity (i.e., step count, duration, distance), but also phone overuse
(screen time, count of phone/app use, problematic phone overuse),
eating behavior (food consumption, variety, calorie count, portion
size), sleep behavior (duration, quality), learning behavior, restora-
tive behavior (duration spent in nature or hobbies), sustainable
behavior (energy consumption), and goal attainment. The latter is
a much used self-report measure of goal progress or completion
which can raise validity issues if not clearly defined [232]. These
quantitative goal measures across various behaviors offer a useful
vocabulary to support the design of goals and behavior change
technologies across domains.

In addition to the prevalent behavior measures, other, less used
quantitative measures related to motivation, emotion, attention,
and body physiology. We argue for the value of supporting also
these latter measures.For instance, biosensors are surprisingly less
used in this space but extensively explored for affective health
[180, 247, 248] and mindfulness technologies [51, 52]. We would
like to encourage more research engaging with the less explored
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qualitative goals, prior to focusing on their associated quantita-
tive goals. This is a significant shift towards prioritizing personal
meaning rather than easily accessible quantified goal measures.

5.4 Goal-Oriented Work: Qualitative Goals

Measures of motivation are critical, as they include not just scales
but also workbooks and exercise sheets for goal-oriented work.
Developed as a therapeutic approach, goal-oriented work includes
activities in which the focus is on the patient’s goals so that they
are thoroughly explored [46]. Several papers employed tools or
methods inspired by goal-oriented work such as Personal Project
Analysis [146, 147] used by Brotman et al. [27], motivational in-
terview [212] used by Chen et al. [35], or interviews with health
experts for deeper reflection on goals [137]. This emerging work
is important as it highlights a significant shift from the focus on
quantitative (concrete and trackable) [62] to qualitative measures of
goals that are abstract and not directly trackable [186]. This aligns
with the critique of the instrumentalist quality of quantitative track-
ing and its limited account for the self or user motives and personal
meaning of tracked data [207]. Future research directions could
benefit for richer use of goal-oriented work methods for more in
depth exploration of user needs to inform the design of technolo-
gies for behavior change. Exciting opportunities in this space could
focus on supporting users to engage with such methods through
novel interface designs.

5.5 Stakeholders: WEIRD, Non-Inclusive
Gender Language

The importance of representing the different stakeholders in re-
search [144] cannot be over-emphasized, particularly when en-
gaging with technologies for behavior change in-the-wild as their
impact may differ across user groups. Consistent with prior re-
search, we find that the ratio of Western to non-Western sites for
user studies (4 Western to 1 non-Western) is slightly higher than
Linxen et al. [144] (3 Western to 1 non-Western). Surprisingly, a
large number of papers do not disclose where the study site is (38%).
We were surprised that the demographic of older adults included
in studies was present in 28.9% of the papers, when, for example, in
the US the older adult population is 16.8% of the total population
[249]. We see more opportunities to study children, which in our
sample accounted for 10% of the data, compared to the US census
where they are 22% of the population [250]. With respect to vulner-
able users with diagnosed physical or mental health conditions, a
surprising outcome was the prevalence of a few conditions such
as diabetes, depression, or anxiety. Future work can address these
limitations by exploring additional chronic conditions with a large
societal impact.

Regarding gender, we see a lot more need to be inclusive of
non-binary individuals, with only 11.7% of the paper including any
participants identifying as non-binary. Perhaps more concerning,
78% of the papers had non-inclusive gender language, referring to
the sex of participants, when in many cases, only the gender might
be relevant. With HCI researchers advocating and explaining how
to use inclusive language in surveys we see the language as an
immediate area for improvement [237].
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5.6 Mobile Apps & Wearables Deployed in
Everyday Life, 1-4 Weeks

Our outcomes show that mobile apps are by far the most common
type of technology deployed in-the-wild (43.3%), followed by wear-
ables (16.1%). Apps are also the most common technology across
all domains, while browser extensions are most used in digital
wellbeing. The latter finding differs slightly from previous work,
where mobile apps were the most common technology for digital
wellbeing tools [210]. Technologies for behavior change were also
deployed overwhelmingly under one month (2-31 days) (70% of
those deployed in-the-wild). The number of deployments between
1-3 months was roughly similar to those of 1-2 weeks or 2-3 weeks
(25% of deployments). Most deployments were in everyday life set-
tings, with less use of specific sites such as school or work, given
the goal domains for learning and productivity. Despite the nature
of behavior change being longitudinal, taking months or year [206],
the current studies are largely limited in length. We argue for more
longitudinal deployments that build our understanding of how to
support behavior change longitudinally.

5.7 Artifact Contribution vs Theoretical
Contribution

Through the lens of HCI contributions [259], the last decade of
work in this space has been dominated by artifact design and de-
velopment (over 60% of papers), through a rich body of empirical
research. The large presence of artifact contribution in our findings
contrasts sharply with the much narrower theoretical engagement,
reflected by limited theoretical contributions and limited theoreti-
cally informed design. Such findings align with the acknowledged
theoretical gap both in specific domains such as digital wellbeing
[210], and more broadly in HCI [93]. While our findings confirm
this gap, they also shed light on the tension between the breadth
and depth of theoretical engagement, with most papers merely men-
tioning theories (75%) instead of using them (42%). Digital wellbeing
domain stands out with the highest number of used theories (47%),
and the highest number of interventions which were deployed,
including most diverse set of interventions. A somehow lower 39%
of papers using theories for the design of digital wellbeing tools
has been recently reported [210]. Given the amount of theory men-
tioned in papers, one surprising fact is that in light of this, very few
papers made a contribution back to theory (5%).

Despite almost three times a higher number of different theories
being mentioned rather than used, the number of most commonly
used theories is less than a dozen, most of which being among those
used by interventions identified as most effective. We would like to
see more robust engagement with theories, for instance, through
concentrated interdisciplinary efforts to operationalize them so
that they can be more easily accessed by HCI researchers, and used
to inform design. Rather than extending further the long list of
theories that HCI research has rather superficially engaged with,
we suggest deeper engagement with a smaller set of theories, such
as the ones that informed the design of most effective interventions.

5.8 Reflection on Most Effective Interventions

We now reflect on the most effective technology-based interven-
tions highlighting three design principles to inform technologies
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focused on goals for behavior change. See Section 4 in Supplemen-
tary material for detailed structured descriptions of the five most
effective interventions.

Ensuring strong theoretical rationale grounded in one or
more theories, whose trade-offs are carefully considered and sen-
sitively addressed through design. For example, in their design
of the DStress app supporting difficulty level adaptive goals for
two domains: physical exercise and wellbeing, Konrad et al. [120]
explored both goal-setting theory and self-determination theory,
addressing one tension that may account for poor compliance with
health intervention, namely difficult goals are better as they require
more effort, versus easy goals are better as they can be completed
with less effort which strengthens confidence in approaching future
goals. Another example is the GoldenTime app [194], whose design
integrates self-regulation theory and behavioral economics theory
to reinforce limiting problematic phone usage through timeboxing
and reward/loss of micro-financial incentives. Their findings con-
firm the loss aversion cognitive bias through the significantly less
problematic screen time for the loss group. One other example is a
cooperative tracker for physical activity [208] whose design draws
from a review of HCI work on social features of trackers and the
impact of proximity on co-workers’ bonding.

Supporting awareness of deep motives for qualitative goals,
and goal setting for self-set goals or social goals. Most effec-
tive interventions aim to support reflection on users’ deep motives
for qualitative goals, prior to goal setting. For example, Lee et al.
[137] interviewed health experts on how to support physical activ-
ity and personalization of physical activity plans, and leveraged
therapists” approaches, similar to goal-oriented work [27]. Lee et
al. [137] showed the importance of supporting users’ reflection on
deeper motives in order to articulate their goals, as a critical initial
step prior to goal setting and tracking. Indeed, users who engaged
with reflective questions set ambitious goals and overachieved, by
walking significantly more daily steps than those without reflec-
tive questions [137]. For goal setting, the Habito [86] app supports
self-set goals, whose evaluation shows significantly increased walk-
ing distance, compared to app-provided goals. While most of the
effective interventions focused on individual goals, an excellent
illustration of the less explored social goals is the PCTF wearable
system [208] which leverages social support through cooperative
rather than competitive exercising, and pre-existing social rela-
tionships among pairs of co-located coworkers, as they engage in
cooperative, daily step goal setting and sharing of tracked data.

Scaffolding reflection on tracked goals for behavior change.
Most effective interventions not just report tracked data but ex-
plicitly scaffold reflection on it to support behavior change. For
instance, the Habito app contextualizes physical activity with data
on visited locations and highlights interesting patterns, such as
intense activity in one location in order to prompt reflection [86].
The GoldenTime app provided notifications on failure to gain coins,
or deduction of coins when users fail to regulate their screen time,
which prompted them to reflect, and reframe their problematic
phone use as incurring a price, materialized by the coins as phone
usage fee [194].

To summarize, while the current focus of HCI research on goals
for behavior change is strongly skewed towards single-domain,
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individual, low intrinsic, and quantitative goals, we suggest extend-
ing this to include also multiple-domain, social, high intrinsic, and
qualitative goals. We also suggest more inclusive stakeholders from
domain experts to people living with diagnosed conditions, both
children and senior adults. Finally, we highlight the limited the-
oretical underpinning of technology-based interventions, despite
the extensive artifact contributions, most of which were evaluated
in-the-wild.

6 Limitations and Future Work

We focused on ACM DL because, according to its description, it is
“the world’s most comprehensive database of full-text articles and
bibliographic literature covering computing and information tech-
nology” [18]. ACM DL is also the most commonly used database in
HCI reported reviews [60, 68, 220]. Limitations related to focusing
exclusively on ACM DL pertain to missing other relevant publica-
tions in databases such as PubMed. As an initial exploration of our
research questions, we argue that using ACM DL as a sole database,
as done also by other HCI reviews [60, 211, 225, 240, 244, 265] is
appropriate as it aligns best with our HCI centric research questions.
Future work should extend the search to other databases, such as
PubMed or Electrical and Electronics Engineers (IEEE), and will
require additional resources beyond those available to us.

7 Conclusion

In this systematic review of 180 goal-related behavior change pa-
pers within SIGCHI literature, we summarized recent trends, such
as a dominant focus on single-domain, individual goals, especially
those related to physical health and wellness that are not intrin-
sic to users. We also reported on a variety of goal measures, the
emergence of goal-oriented work, and the effectiveness of different
intervention techniques for different domains of goals. We pointed
out concerning trends about limited inclusiveness of children’s
goals, non-western contexts, and the limited use of theoretically-
informed design of goal technologies. We further expanded the
design space for behavior change goal-related research and urge
HCl researchers to: design for multi-domain, highly intrinsic, and so-
cial goals and design technology-based interventions better grounded
in theoretical frameworks.
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