Beyond One-Size-Fits-All: A Systematic
Literature Review of Adaptive

Gamification Strategies and Frameworks
in the Age of Al

Brunella Botte2(®)  Giada Marinensi!, Giancarlo De Matteis?,
Sander Bakkes?, Henk Aarts®, and Remco Veltkamp?

! Department of Human Sciences, Link Campus University, Rome, Italy
{b.botte, g.marinensi}@unilink.it
2 Department of Information and Computer Science, Utrecht University,
Utrecht, The Netherlands
{b.botte,s.c.j.bakkes,r.c.veltkamp}@uu.nl

3 Department of Psychology, Utrecht University, Utrecht, The Netherlands

h.aarts@uu.nl
4 ELIS Innovation Hub, Rome, Italy
g.dematteis@elis.org

Abstract. Adaptive gamification tailors gamified systems to individ-
ual users’ characteristics and preferences to improve their effectiveness.
Despite growing research interest, the field still lacks a cross-domain,
multi-dimensional synthesis that reflects recent methodological and tech-
nological advances. Following the PRISMA guidelines, this systematic
review examines studies on adaptive gamification published between Jan-
uary 2019 and December 2025, addressing the outcomes sought through
adaptivity, the theoretical frameworks underpinning it, the game ele-
ments most frequently adapted, the adaptive strategies employed, and
the limitations reported. The review is deliberately scoped to gamifica-
tion proper, that is, to the tailoring of game elements applied to non-
game contexts, rather than to the adaptation of full serious games or
playful learning environments. Searching five academic databases (Web
of Science, Scopus, IEEE Xplore, ScienceDirect and the ACM Digital
Library) yielded 680 records, of which 39 met the inclusion criteria.
Education was the dominant application domain (61.5%), and motiva-
tion (36.7%), engagement (22.8%), and performance (13.9%) were the
most sought-after outcomes. The Hexad Player Types framework (25.4%)
and Self-Determination Theory (19.7%) were the most common theo-
retical foundations, while points, badges, and leaderboards dominated
the adapted elements, together accounting for 35.2% of all coded adap-
tations. Machine learning-based personalisation (33.3%) was the most
frequent adaptive strategy, although static implementations remained
prevalent. Notably, recommendation algorithms and large language mod-
els were almost entirely absent, despite their evident relevance. These
findings indicate that adaptive gamification is maturing, yet significant
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gaps persist, particularly in the diversity of adapted game elements and
the integration of emerging Al-driven personalisation.

Keywords: Adaptive gamification - Literature review - Algorithms -
Rewards - Theoretical frameworks

1 Introduction

Gamification, broadly defined as the implementation of game elements and
mechanics in non-game contexts to achieve a more game-like experience [7],
has been recognised as a strategy for enhancing users’ engagement, motivation
and behavioural outcomes over a wide range of domains.

From its early theorisation to its current extensive adoption, gamification
design has evolved, supported by a growing empirical body of evidence demon-
strating its potential effectiveness [18,27,28,34]. Yet, despite this progress, the
field continues to hold limitations that persist to this day, constraining the real-
world impact of gamified applications [1,6,13].

Among those limitations, one that has been widely acknowledged is the one-
size-fits-all approach [16,43], which implies adopting the same game elements,
reward structure and progression mechanics, without taking into account indi-
vidual differences, which can be due to personality traits, motivation, prior expe-
rience, or contextual factors, among others.

Scientific literature has broadly documented the consequences of this design
approach: users who don’t relate to the game elements and strategies adopted in
the gamification design tend to lose motivation, feel less engaged and eventually
drop out, thwarting the efficacy of the gamified solution [1,6,23].

An interesting strategy to address this limitation is represented by the imple-
mentation of adaptive gamification strategies. By adaptive gamification strate-
gies, we mean an approach that aims to tailor the gamification design elements,
like reward types or interaction modalities, among others. To craft an adap-
tive gamified system, a variety of approaches can be adopted, ranging from
player-type profiling to fully data-driven personalisation [9]. In recent times, the
improvements in artificial intelligence and machine learning offer an improved
toolkit to implement such adaptive strategies, thus representing a turning point
in the development of adaptive gamification.

Even though several recent literature reviews explored the adaptive gamifi-
cation research field, it can be observed that the majority of these reviews were
mostly focused on the educational field [9,10,35,37,43,44], or on specific techni-
cal aspects of adaptivity [37,41] or on users’ profiling [26,42], without offering a
comprehensive view of the field.

This paper addresses this gap in the literature through a systematic literature
review (SLR) of adaptive gamification research, to map the current state of the
art of adaptive gamification, while also highlighting the open challenges and new
directions to be explored to guide future research.
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The review is deliberately scoped to gamification, understood as the applica-
tion of game elements to non-game contexts [7], and does not cover adjacent tra-
ditions such as personalised game-based learning, player modelling, or dynamic
difficulty adjustment [17], which adapt the game itself rather than elements
added to a non-game activity; this boundary is revisited in Sect. 5.

2 Related Work

As already mentioned in the previous paragraph, the adaptive gamification app-
roach emerges as an answer to the need to design gamified systems capable of
tailoring game elements, reward structure, or interaction modalities to individual
users’ preferences [3,14].

Advancements in technologies, especially in Al and machine learning fields,
have shaped the contemporary scenarios of adaptive gamification. The first
attempt in adaptive gamification design relied mostly on customisation based
on static, rule-based mechanisms, built based on the results of pre-assessment
questionnaires, administered to users at the beginning of the experience [11].
While these approaches were relatively inexpensive, they had, and still have, a
limited ability to adapt to dynamic changes in user preferences over time.

Technologies like Al and machine learning have opened new possibilities
for dynamic, data-driven adaptation. Reinforcement learning allows the system
to learn, through repeated interactions, which game elements are more effec-
tive based on users’ behavioural feedback [22,33]. Recommendation algorithms,
mostly used in commercial recommendation systems [15,29], can also represent
an interesting technical tool to further develop the possibilities of adaptive gam-
ification [39,40]. In more recent times, the emergence of Large Language Models
(LLMs) has opened new avenues for experimentation [19]. In this regard, the
period between 2019 and 2025 is particularly significant. In fact, it comprises
both the strengthening of machine learning as a personalisation tool [15,29] and
the rise of generative Al [4,25].

Systematic reviews that previously examined the adaptive gamification
research corpus highlight that player-type frameworks mostly guided the design
of adaptivity, that algorithms were for the most part static, and that the the-
oretical foundations were in an early-stage development [3,11,14]. More recent
ones adopted a closer focus on educational applications [2,9,37] or on specific
technologies [12]. Lastly, greater emphasis was placed on theoretical studies than
on the empirical ones [9]. While these contributions improved the understand-
ing of the field, several dimensions remain only partially explored, providing the
motivation for the present study. It can be noticed that the majority of those
studies investigate the educational context, leaving the broader field of adaptive
gamification unmapped. Furthermore, they address specific aspects of the ana-
lytical dimensions like game elements or theoretical frameworks, but few examine
those aspects in an integrated way, and none of them assess the influence of Al
improvements in the 2019-2025 period. These gaps collectively point to the need
for a cross-domain, multi-dimensional synthesis of adaptive gamification research
that is up-to-date.
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The present review has the specific aim of providing an integrated under-
standing of the field’s current state, considering its design elements, theoretical
foundations, adaptive strategies, and practical implications. To structure this
inquiry, the following research questions were formulated:

RQ1: What are the most sought-after outcomes of adaptivity in gamified sys-
tems?

RQ2: Which theoretical frameworks underpin the design of adaptivity in gam-
ified systems?

RQ3: Which game elements are most frequently adapted in adaptive gamified
systems?

RQ4: What are the primary adaptive strategies used to make a gamified system
adaptive?

RQ5: What are the main reported limitations of adaptive gamified systems?

3 Method

This systematic review was conducted in accordance with the PRISMA 2020
statement [24], following the methodological steps described below.

Specification of Eligibility Criteria. Drawing upon the previously defined
research questions, the eligibility criteria guiding this systematic review were
established, as presented in Table 1 below.

Table 1. Inclusion and exclusion criteria.

Criterion type |Criterion description

Language Only papers in English were included.

Topic Studies were included only if they focused on the design and/or
implementation of adaptive gamification solutions.

Publication date/Only papers published from January 2019 until December 2025 were
included.

Publication type|Only peer-reviewed publications were included. Conference papers were
also considered eligible, given the emerging nature of the topic.

Research type |Only primary studies were included. Secondary studies (e.g., systematic
reviews, mapping studies) were excluded.

Transparency |Studies were included only if their methodology was clearly and explicitly
described.

Identification of Information Sources and Search Strategies. The search
for this systematic review was performed on five scientific databases, selected as
the most relevant for the field under review: Web of Science, IEEE Xplore,
Science Direct, Scopus, and the ACM Digital Library.
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To define the search string, an iterative process was implemented. Prelimi-
nary searches were carried out to explore the existing literature and refine the
search string to address the RQs most effectively.

The final search string was the following:

("adaptive gamifx" OR "tailored gamif*" OR "personali* gamifx*")

The search terms were applied to the title, abstract and keywords of the
papers. The string was adapted to each engine’s syntax, expanding wildcards
into explicit variants where unsupported inside quotes. The search, conducted
in January 2026 for January 2019-December 2025, returned 680 papers.

Selection Process. The study selection process was conducted with the sup-
port of the CADIMA software (https://www.cadima.info/index.php). Initially,
an automatic screening process was carried out to identify and remove dupli-
cates, resulting in a total of 611 papers.

In the next stage, papers were selected based on the inclusion and exclusion
criteria previously identified. An initial screening was conducted by reviewing
the titles and abstracts of the papers. This step involved three researchers in
total, with each title and abstract independently reviewed by two researchers.
In cases of inconsistencies during the selection process, the CADIMA software
notified the reviewers, who then resolved conflicts collaboratively. This stage
resulted in the exclusion of 481 articles.

Full texts were sought for the 130 remaining articles, of which 7 could not
be retrieved; of the 123 assessed, 84 were excluded and 39 included. Risk of bias
was not formally assessed given the mix of study designs; the synthesis below is
descriptive rather than quality-weighted.

The entire selection process is summarised in Fig. 1. A complete list of the
39 included studies is available at https://doi.org/10.5281/zenodo.20999807.

Data Collection Process. Three researchers analysed the 39 studies included
at the end of the selection process. The analysis involved coding the data and
assigning them to various categories with the support of the Atlas.ti software.

The initial categories were identified by two of the authors, drawing on exist-
ing literature. For example, to code the game elements adapted in the gamified
systems described in the selected studies, the gamification elements taxonomy by
Toda et al. [38] was employed. These preliminary categories were then presented
to the entire research team for discussion, validation, and refinement.

Additional categories were introduced as necessary during the analysis, allow-
ing for flexibility to capture emerging themes and patterns from the data.

Coding reliability varies across categories: adapted elements and frameworks
are usually stated explicitly, so coding them was close to transcription, whereas
adaptation outcomes (Table3) had to be synthesised from per-variable results
into a single verdict the studies themselves rarely gave, making that step inter-
pretive. Coder agreement was accordingly reached through discussion.
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4 Results and Discussion

This section presents the findings for each research question alongside their inter-
pretation, preceded by a summary of the main characteristics of the 39 included
studies.

[ Identification of studies via and regist ]
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Fig. 1. Flow diagram of the article search and selection process.

Study Characteristics. As shown in Fig. 2a, interest in adaptive gamification
grew steadily throughout the period examined, reaching a peak in 2023. Most
studies (15 out of 39) were conducted in Asia (see Fig.2b), with Malaysia (4
out of 15) contributing the highest number. The concentration of studies in
a few regions, chiefly Asia and Europe, raises questions about cross-cultural
generalisation that future research should address.

In terms of methodology, 18 studies adopted a quantitative approach, 3 com-
bined qualitative and quantitative methods, and 18 focused on designing or
implementing adaptive models without testing them with real users; fully qual-
itative studies are notably under-represented.

Empirical and theoretical work are almost evenly split (54% vs 46%), whereas
earlier reviews found the literature weighted toward theoretical studies [9].
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Fig. 2. Distribution of the included studies (a) per year of publication and (b) per
continent.

The field of application was predominantly educational: 61.5% of the studies
(24 out of 39) addressed this domain, most often in digital or online learning
(11 out of 24), followed by secondary school (5), higher education (3), primary
school (2), and corporate training (1). This prevalence of education is consistent
with previous reviews [2,3,9,11,37], and may be a structural feature of the field,
given its diverse target populations, measurable outcomes, and suitability for
longitudinal study.

RQ1: Sought-After Outcomes. Table2 shows that motivation (36.7%),
engagement (22.8%), and performance (13.9%) are the most common sought-
after outcomes of adaptivity, confirming the objectives most commonly associ-
ated with gamification. This concentration suggests that future research might
benefit from broadening the range of outcomes considered beyond these three
dominant constructs.

Following the categories of Smith et al. [36] and Luo [20], the outcomes
were largely positive where specified (35.9% positive and 10.3% mostly positive;
Table 3), though this is not an effectiveness estimate: 43.6% report no outcome,
the rest were not quality-appraised, and self-reported, short-term measures may
overestimate real-world effects given gamification’s tendency to diminish over
time [8,32].

RQ2: Theoretical Frameworks. As shown in Table 4, the largest share of the
studies (18 out of 39) base their adaptive gamification design on the Hexad Player
Types framework, which classifies players into six motivational types: Socialiser,
Free Spirit, Achiever, Player, Philanthropist, and Disruptor, each responding
differently to various game mechanics [21]. Its prominence confirms a pattern
established in previous reviews [3,11,14] and reflects the convenience of mapping
player types directly onto game elements. However, such player-type taxonomies
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Table 2. Outcomes of adaptivity.

Outcomes N %
Motivation 29/36.7%
Engagement 18/22.8%
Performance 11/13.9%
Enjoyment 5 16.3%
User experience 4 15.1%
Not specified 3 13.8%
Flow experience 2 12.5%
Permanence in the system 2 12.5%
Behaviour 2 2.5%
Satisfaction 2 12.5%
Interactions with other participants|1 |1.3%
Total 79/100.0%

Table 3. Adaptation results frequency.

Results Definition N %

Not applicable or 1743.6%

not specified

Mostly negative |Mostly adverse effects in some variables and 1 2.6%
improvements on others.

Negative Adverse impact of adaptive gamification on the observed|l [2.6%
variable(s).

Neutral Not positive nor negative effects noticed. 2 5.1%

Positive Improvement in the observed variable(s) as a 14/35.9%

consequence of implementing adaptivity.

Mostly positive | Mostly improvements in some variables and adverse 4 110.3%
effects on others.

N =39

are by their nature static, and therefore ill-suited to capturing the dynamic
changes users undergo over time.

Self-Determination Theory [31] follows, adopted by 14 of the 39 studies, lever-
aging its core principles of autonomy, competence, and relatedness to foster
intrinsic motivation. Its growing presence may signal a shift towards richer the-
oretical foundations: SDT offers a more flexible and psychologically grounded
basis for personalisation, focusing on the quality of the motivational experience
rather than on a categorical classification of users.

The remaining frameworks, trailing by a wide margin, mostly categorise play-
ers according to their motivational profiles or play styles. The coexistence of
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these two dominant models reflects a broader tension in the field between player-
centred and needs-centred approaches to adaptation.

Table 4. Theoretical frameworks underpinning adaptivity.

Theoretical frameworks N %
Hexad player types 18(25.4%
Self-determination theory 14(19.7%
Motivation-based 7 19.9%
Brain Hex player types 5 17.0%
Bartle player types 4 15.6%
Learning styles (2 unspecified, 1 Felder—Silverman) 3 4.2%
Not specified 3 14.2%
Fogg behavioral model 2 12.8%
Big Five 2 12.8%
Learning dimensions 2 12.8%
Player behaviour 2 2.8%
Ferro player types 2 12.8%
Other frameworks, adopted by one study each (challenge completion 7 19.9%
likelihood, PEAS framework, player intent, NERIS personality traits,

Hofstede’s cultural dimensions, Cialdini’s persuasion principles, Keirsey
personality model)

Total 71/100.0%

RQ3: Adapted Game Elements. Table5 reports which game elements are
most frequently targeted for adaptation, grouped into those covered by the tax-
onomy of Toda et al. [38] and those falling outside it. The 39 studies yielded
207 coded adaptations, since a single system typically adapts several elements
at once.

Points, badges, and leaderboards (PBL) clearly predominate. Points alone
account for 13.5%, while competition, acknowledgement, and progression
together add a further 33%. Although PBL mechanics are measurable and easy
to implement, their motivational effects have repeatedly been shown to be super-
ficial and oriented towards extrinsic motivation [5]. Elements with richer moti-
vational affordances, such as narrative, chance, or social pressure, appear far less
often.

Table5 also reports each element’s taxonomy dimension: Performance/
Measurement alone absorbs 89 of 207 coded adaptations (43.0%) against under
8% for Fictional, showing adaptation targets mainly the layer that quantifies the
user.
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Notably, 12.6% of the adapted elements fell outside the Toda et al. taxon-
omy, indicating that some researchers are beginning to move beyond standard
classifications.

Table 5. Adapted game elements frequency distribution.

Game Elements Dimension N |%
Points Performance/Measurement (28 [13.5%
Progression Performance/Measurement24 [11.6%
Competition Social 23 11.1%
Acknowledgement Performance/Measurement (22 10.6%
Objectives Personal 14 6.8%
Level Performance/Measurement 11 |5.3%
Novelty Personal 9 [4.3%
Cooperation Social 8 13.9%
Chance Ecological 7 13.4%
Narrative Fictional 6 [2.9%
Social pressure Social 6 [2.9%
Time pressure Ecological 5 [2.4%
Economy Ecological 4 [1.9%
Stats Performance/Measurement/4 [1.9%
Less frequent elements (reputation, storytelling, Mixed 10 |4.8%
rarity, puzzle, sensation)

Other (outside Toda et al. taxonomy) — 26 12.6%
Total 207/100.0%

RQ4: Adaptive Strategies. Both theoretical and empirical papers were exam-
ined to identify the adaptive strategies adopted. Each implementation was first
recorded in the terms used by its own authors, then grouped by the mechanism
deciding which element a given user receives, into four categories: rule-based
systems (conditional decision trees, action grids, or a matching matrix of prede-
fined affinities); score-based and affinity methods (a cumulative global score,
or an affinity vector over categories); machine learning-based personalisa-
tion (deep learning, multinomial logistic regression, or matrix factorisation); and
user-controlled adaptation (manually activated game design elements).

The 45 occurrences in Table 6 exceed 39 because some systems combine mech-
anisms and were coded under each; the categories classify decision mechanisms
rather than systems, so boundaries are not watertight.

The landscape is technically more diverse than in previous analyses: machine
learning-based personalisation (33.3%) is now the most common category, nar-
rowly ahead of rule-based (28.9%) and score/affinity-based (26.7%) approaches.
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Table 6. Frequency distribution of the four adaptive strategies categories.

Adaptive strategies N %
Machine Learning-Based Personalisation|15/33.3%
Rule-based Personalisation 13/28.9%
Score and Affinity-based Personalisation|12/26.7%
User controlled Personalisation 5 111.1%
Total 45/100.0%

This might seem to contradict the finding that adaptive algorithms remain pre-
dominantly static (as shown in Table 7). The tension, however, is only apparent,
since many ML-based implementations operate in static or batch-update mode
rather than adapting in real time. True dynamic adaptation is still rare (35.9%
of studies) and typically relies on reinforcement learning [22,33]. The persistence
of static and rule-based approaches reflects several converging factors: the high
data requirements of dynamic ML models, the scarcity of large user datasets
outside commercial settings, the interpretability and transparency of rule-based
systems (particularly valued in education), and the technical skill needed to
build and maintain ML pipelines. The shift from static to dynamic adaptation
is therefore likely to be gradual and uneven across sectors and institutions.

Table 7. Nature of adaptive algorithms frequency distribution.

Adaptive algorithms’ nature N |%
Static 22/56.4%
Dynamic 14(35.9%
Both 3 17.7%
Total 39/100.0%

RQ5: Reported Limitations. Limitations were reported by 29 of the 39 stud-
ies; Table 8 summarises the 55 limitations they raised. The three most frequently
cited are: findings not validated in other contexts (21.8%), small sample size
(20%), and insufficient customisation specificity (18.2%). These limits are inter-
linked and point to a common underlying challenge: the profound individual
variability in how users respond to gamified systems. Small samples limit the
ability to model that variability; insufficient customisation reflects the current
inability to capture it adequately; and the absence of cross-context validation
leaves open whether findings generalise beyond their original setting. The recur-
ring identification of static adaptation as a limitation, together with calls for
advanced techniques such as Deep Reinforcement Learning, indicates that the
field is aware of these technical limits and is seeking to overcome them.
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Table 8. Study limits frequency distribution.

Limits N %
Findings not validated in other contexts 1221.8%
Small sample size 11120.0%
Insufficient customisation specificity 10(18.2%
Lack of long-term evaluation 5 19.1%
Lack of testing with real users 5 19.1%
Static (non-dynamic) adaptation 5 19.1%
Limited automation 3 15.5%
Other, cited once each (lack of data-driven strategies; limited range of |4 |7.3%
game elements; absence of advanced ML techniques such as Deep

Reinforcement Learning; self-evaluation questionnaire bias)

Total 55/100.0%

Underexplored Frontiers. Cutting across the strategies identified above, a
striking observation is that two mature families of Al technique are almost
entirely absent from the corpus: recommendation algorithms and LLMs.

Despite the rapid development and widespread adoption of recommendation
algorithms, now well-established in commercial personalisation systems such as
content streaming and e-commerce platforms [15,29], their application to adap-
tive gamification remains virtually unexplored in the literature reviewed. Col-
laborative filtering, content-based filtering and hybrid recommendation archi-
tectures offer technically mature solutions for inferring user preferences from
behavioural data and mapping them onto tailored experiences; however, only
one study in the corpus [30] explicitly frames its adaptive system as a recom-
mendation system. This gap is particularly evident given that the motivational
profiling underpinning most adaptive gamification approaches, the matching of
user characteristics to preferences regarding game elements, is structurally anal-
ogous to the problem of item recommendation that recommendation systems are
specifically designed to solve [39,40].

Equally absent is any use of large language models (LLMs), although 2022—
2025 coincides with their widespread availability [4,25]. Two roles seem promis-
ing: as profilers, inferring motivational states from open-ended input in place
of a Hexad or SDT questionnaire [19]; and as generators of the content car-
rying an adapted element (narrative, quests, feedback), exactly the material
Table 5 shows least often adapted, plausibly because hand-authoring one vari-
ant per profile does not scale. The obstacle, that free-form text cannot feed
an adaptation loop, is an engineering constraint rather than a conceptual one:
schema-conditioned decoding and function calling can require the model to emit
a structure the engine consumes directly, e.g. a JSON object of affinity scores
over a taxonomy. What remains open is evaluation, since non-determinism and
prompt sensitivity make it hard to isolate adaptivity’s contribution against a
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rule-based baseline, which, together with the usual lag between a technology’s
availability and its uptake, helps explain the corpus’s silence here. The broader
priority is to test whether adapting richer elements outperforms adapting points
and badges, and to compare strategy families against a non-adaptive baseline
rather than accumulating isolated prototypes [8,32].

5 Conclusion

This systematic review mapped the state of research on adaptive gamification
between 2019 and 2025, examining the outcomes sought, the theoretical frame-
works adopted, the game elements adapted, the strategies implemented, and the
limitations reported. The 39 included studies confirm a field in active develop-
ment, marked by growing empirical attention and an expanding technical reper-
toire.

Several patterns recur: application is predominantly in the educational con-
text; motivation and engagement remain the primary targeted outcomes; the
adapted game elements belong to the points—badges—leaderboards triad; and
player-type frameworks remain central to the adaptation logic.

At the same time, significant shifts emerge: the rise of SDT as a complemen-
tary theoretical foundation, ML-based strategies as the most frequently adopted
adaptive approach, and a gradual increase in dynamic algorithmic implementa-
tions compared to the static predominance reported in earlier reviews [11].

Taken together, these findings suggest that the sector may be at a turning
point, with a broadening theoretical repertoire and recent Al advances laying
the groundwork for real-time personalisation; realising this potential will depend
in particular on integrating the recommendation algorithms and large language
models that, despite their maturity, remain conspicuously underused.

Beyond these technological avenues, qualitative studies, which are currently
scarce, could yield a deeper understanding of how adaptive gamification works,
and further experimentation with a wider range of game elements may improve
its efficacy.

Finally, this study has limitations of its own. The search terms delimit the
corpus to work identifying itself as gamification, leaving out adjacent traditions
such as personalised game-based learning and dynamic difficulty adjustment [17],
where comparable problems are solved under different names. No formal quality
appraisal was performed, so reported outcomes should not be read as evidence
of effectiveness, and coding adaptation outcomes required interpretation rather
than a computed reliability coefficient. Findings are further constrained by the
uneven level of detail in the selected papers. Given the pace of technological
change, the field warrants ongoing monitoring as new adaptive strategies are
developed and tested.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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