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Abstract

The convergence of artificial intelligence and blended learning has generated renewed scholarly interest
in how technology can meaningfully support human cognitive development. This review synthesises
evidence from ten peer-reviewed studies and systematic analyses to examine how Al-driven blended
learning environments shape cognitive outcomes including vocabulary acquisition, reading
comprehension, problem-solving, critical thinking, and metacognitive skill. Drawing on quasi-
experimental findings (Wu et al., 2024; Abrar et al., 2025), mixed-methods investigations (Sari et al.,
2024; TechComp Innovations et al., 2024; Silva et al., 2024), and systematic reviews (Sharma et al., 2023;
Goyal, 2025; Gkintoni et al., 2025; Halkiopoulos & Gkintoni, 2024), the article finds that adaptive
personalisation, real-time feedback, and intelligent tutoring produce consistent, if modest, improvements
across cognitive domains. Challenges related to algorithmic bias, data privacy, short intervention
windows, and the risk of cognitive offloading are discussed. The article concludes with targeted
recommendations for educators, institutional policymakers, and future researchers.

Keywords: cognitive enhancement, blended learning, artificial intelligence, adaptive learning, intelligent
tutoring systems, personalised learning, cognitive load

1. Introduction

1.1 Cognitive Enhancement and Its Importance in Learning

Learning is not simply the passive transfer of facts from an instructor to a student; it is a dynamic
reconstruction of meaning that depends on a wide range of cognitive processes, including attention,
working memory, reasoning, and metacognition. Working on boosting these mental functions - what some
call cognitive enhancement - has turned into a key topic in both teaching-focused psychology and how
lessons are planned. Though seen different ways by each field, improving thinking skills matters just as
much to one as it does the other. Cognitive boost covers methods - be they drugs, habits, tech fixes, or
setting shifts - that clearly sharpen specific mental skills. Each approach nudges areas like memory,
attention, or decision speed into better performance. Some tweaks come from pills; others grow out of
routine changes or new tools. Improvement shows up through testing, not guesswork. What counts is a
clear gain in how the mind works. Dresler and team noted this range back in 2013. When schools talk
about it, they usually mean ways of teaching, how spaces are set up, also what tech helps people think
harder, remember longer, plus use learning in different situations (Mayer, 2009).

Cognitive boosters play a big role when picking up new skills. Hard to downplay their effect on how we
learn stuff. Backed by years of brain science, what matters most in learning isn’t just hours logged at a
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desk. Depth of focus plays a big role. How information moves between short-term recall and lasting
knowledge shapes results too - shown clearly since Sweller’s work in ’88 and supported later by Baddeley.
Most times, learning slows down when tools are too busy, lessons move at just one speed, or nobody
answers back - even if the material itself is solid. When learners face fewer distractions, get support for
tough thinking tasks, yet receive quick corrections when they go off track, results tend to improve -
evidence backs this up (Paas, Renkl, & Sweller, 2003). Figuring out how new Al tools might create these
situations in mixed learning environments matters just as much in real classrooms as it does in research
papers.

1.2 Blended Learning and the Role of Al

Blended learning occupies a productive middle ground between fully face-to-face and entirely online
instruction. Some call it blended learning when classroom moments meet online tools so students can
shape how they study. Not every moment needs to be scheduled by someone else. Learning unfolds partly
through digital access, partly through face-to-face meetings. Pacing shifts based on what each person finds
useful. Horn and Staker described this setup back in 2015. Time, location, method - choices matter more
than before. Now it's the smartness of online parts that sets today’s mixed setups apart from older half-
digital versions. What changed most isn’t structure, but how cleverly tech behaves behind the scenes.
Earlier hybrids used basic tools - now systems adapt, respond, learn. The shift shows up less in design,
more in quiet responsiveness. Instead of static modules, current platforms adjust on their own. Not just
linked devices, but thinking layers shape these spaces now. Progress creeps in through subtle awareness
built into software. Older forms stayed rigid; newer ones bend without being told.

Today’s digital tools shift as learners grow, adjusting on the fly instead of sitting idle like old archives.
Missteps get caught mid-step, not after the fact. With each stumble, support appears just enough to push
forward without carrying. Tasks rise slowly in challenge, shaped by how someone actually learns, not by
a fixed plan. Most of this smart tech comes from systems that learn on their own, understand how people
talk, plus ways to sort and study information - together they’re known as educational Al (Baker &
Inventado, 2014).

Now shaping how students engage, Al weaves through blended learning faster than expected. Functions
once separate now overlap, quietly merging into daily classroom rhythms. Speed surprises even early
adopters, yet changes feel gradual up close. Multiple roles evolve at once - guiding, tracking, adjusting -
all without dramatic launches. Growth slips in under routine updates, unnoticed until normal shifts.

One step ahead, adaptive learning shifts how tough lessons feel based on what a student actually shows
they can do (Sari et al., 2024). While skill grows, so does challenge - matched quietly behind the scenes.
Not every path looks alike; progress shapes pace instead of rules. What someone handles today tweaks
tomorrow's tasks automatically. A single tutor's touch finds its way into machines through careful misstep
spotting. These systems map how learners grasp ideas, shaping responses that fit just right. Hints appear
where they’re needed most - guided, sharp, never random. VanLehn noticed this back in 2011.

From behind the screen, trends emerge - silently showing how learners dive into tasks or stall out. These
glimpses aren’t just numbers; they shape choices, quietly guiding teachers and students alike. Instead of
guessing, people lean on what actually happens during study sessions. Because of this shift, decisions
carry more weight, rooted in real moments rather than assumptions. Evidence slips into everyday
judgment, reshaping responses without fanfare.

Lately, some systems tuned to brain signals have started adjusting how they share information while you
engage. Instead of waiting, these setups watch tiny physical clues linked to thinking patterns - like EEG

[JFMR260380288 Volume 8, Issue 3, May-June 2026 2



http://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

readings or NIRS data - to shift their responses on the fly (Gkintoni et al., 2025).

What sets these spaces apart is how each piece fits with AL A shift happens when learning mixes this way.
Not just new tools show up - something deeper changes. The whole feel of the setting shifts. Old versions
did not work like this. Small updates add up to a clear difference. These places respond, adapt, behave
unlike before.

1.3 Research Question and Objectives

This article is guided by the following overarching research question: To what extent, and through what
mechanisms, do Al-driven blended learning environments produce measurable enhancements in learner
cognition? Three subsidiary objectives organise the review. First, the article maps the landscape of Al
technologies currently deployed in blended learning contexts. Second, it synthesises quantitative and
qualitative evidence on cognitive outcomes associated with these technologies. Third, it identifies the
methodological and ethical tensions that must be resolved if the field is to progress toward robust,
generalisable claims.

2. Literature Review

2.1 AlI-Driven Learning Environments: Adaptive Systems and Intelligent Tutors

The scholarly conversation about Al in education has matured considerably since the first rule-based
tutoring programs of the 1970s. Contemporary adaptive learning platforms use machine learning to
construct and continuously revise a model of each learner's knowledge state, then select the next
instructional item most likely to produce learning gains — an approach known as knowledge-tracing
(Corbett & Anderson, 1994). Smart Sparrow and IBM Watson Education represent well-known
commercial instantiations of this principle, and both have been deployed in studies reviewed here (Sari et
al., 2024). Sharma et al. (2023) situate these platforms within a broader history of Al-driven curriculum
adaptation, arguing that their most significant contribution is not the sophistication of their algorithms but
their capacity to provide every learner with a personalised, continuously updated learning pathway —
something no single human instructor can sustainably deliver.

Intelligent Tutoring Systems represent a closely related but conceptually distinct strand of educational Al
Whereas adaptive platforms primarily govern what content a learner receives, ITS focus on how that
content is interactively processed. By maintaining explicit representations of domain knowledge,
pedagogical strategy, and student cognition, an ITS can detect not merely incorrect answers but the
reasoning processes that produced them, and respond with targeted scaffolding rather than simple
repetition (VanLehn, 2011). TechComp Innovations et al. (2024) deployed ITS alongside natural language
processing chatbots and automated grading tools in a higher-education context, observing improvements
in problem-solving (70%), critical thinking (65%), and creativity (55%) — though these figures lacked
accompanying tests of statistical significance, a limitation noted in the discussion below.

2.2 Al Personalisation and Cognitive Ability

The cognitive case for personalisation rests on a well-established principle from instructional science:
learning is most effective when the challenge level of a task is calibrated to a learner's current zone of
proximal development (Vygotsky, 1978). When tasks are too easy, learners experience little cognitive
engagement; when tasks are too difficult, extraneous cognitive load overwhelms working memory and
impedes learning (Sweller, 1988). Al-driven personalisation attempts to hold learners continuously within
an optimal challenge zone by adjusting content, sequencing, and feedback in response to demonstrated
performance.

[JFMR260380288 Volume 8, Issue 3, May-June 2026 3



http://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Goyal (2025) extends this argument to higher-order cognitive skills, reviewing evidence that Al systems
designed as 'cognitive partners' — rather than mere information deliverers — can support the
metacognitive processes of self-monitoring and self-regulation that underpin long-term academic success.
Similarly, Halkiopoulos and Gkintoni (2024) synthesise evidence from cognitive neuropsychology to
argue that personalised Al assessment, when aligned with established models of working memory and
executive function, produces learning conditions fundamentally more supportive of cognitive
development than standardised instruction. These theoretical claims receive empirical support from Wu
et al. (2024), whose quasi-experimental study with 200 primary students found that an Al-adaptive
platform enriched with gamification produced vocabulary gains of 25% and reading comprehension gains
of 30% relative to a control group (p < 0.01; Cohen's d = 0.75-0.88), suggesting effects of moderate to
large practical significance.

2.3 Cognitive Outcomes in AI-Driven Blended Learning

The outcome data available in the reviewed literature are encouraging, if unevenly reported. Four of the
ten studies provided quantified improvement figures. Beyond Wu et al.'s (2024) language and literacy
gains, Sari et al. (2024) reported that average student performance scores rose from 68.4 to 82.7 following
implementation of adaptive Al platforms across primary and higher-education settings — an increase of
roughly 21 percentage points. Abrar et al. (2025) found performance improvements of 25%, a 25%
reduction in task completion time, and a 15% increase in engagement among students using Al-based
adaptive dynamic assessment. The remaining six studies, while consistent in their directionally positive
findings, did not supply quantified outcome data, limiting the degree to which a meta-analytic synthesis
can be drawn.

Across studies, academic performance and engagement were the most frequently measured outcomes
(seven studies each), followed by motivation (four studies). Core neuropsychological constructs such as
working memory, sustained attention, and processing speed were rarely the primary outcome of interest
— a gap that Gkintoni et al. (2025) explicitly identify and attempt to address through their review of
neuroadaptive technologies. This gap between educational measurement practice and cognitive
neuroscience is significant: performance on academic tasks is a distal indicator of cognition, influenced
by many factors beyond the target construct. Future research using validated neuropsychological measures
will be essential for establishing the causal pathways through which Al-driven blended learning produces
its observed benefits.

3. The AI-Driven Blended Learning Environment

3.1 Platform Architecture and Technology Stack

Across the studies reviewed, three categories of Al technology recurred most consistently: adaptive
learning platforms (present in eight of ten studies), intelligent tutoring systems (three studies), and Al-
driven learning analytics (two studies). These categories are not mutually exclusive — many
implementations combined two or more. The adaptive learning platform, broadly construed, serves as the
backbone of most Al-enriched blended environments. It collects granular data on learner behaviour (time-
on-task, response accuracy, help-seeking frequency), updates a continuously evolving model of each
learner's competence, and uses that model to select the next instructional experience. The specific
algorithms underlying these platforms vary — some use Bayesian knowledge tracing, others employ deep
learning-based sequence models — but their shared logic is one of responsive individualisation.
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The integration of natural language processing has extended the range of feedback that Al systems can
provide beyond simple right/wrong judgements. Chatbots and automated essay scoring tools, as employed
by TechComp Innovations et al. (2024), can generate nuanced written feedback at scale — something that
has historically required significant instructor time and has therefore been unavailable in many resource-
constrained educational settings. At the leading edge of the field, neuroadaptive systems reviewed by
Gkintoni et al. (2025) incorporate biometric sensing to track indices of cognitive load and affective state,
allowing the system to detect not merely whether a learner answered correctly but whether they are
currently in a cognitive state conducive to learning.

3.2 Personalisation, Feedback, and Cognitive Support

Real-time feedback is perhaps the most cognitively consequential feature of Al-driven blended
environments. Decades of experimental research confirm that feedback is most effective when it is
immediate, informative, and calibrated to the learner's current level of understanding (Hattie & Timperley,
2007). Human instructors in large classes typically cannot provide feedback at this resolution; Al systems
can do so consistently and at scale. Wu et al. (2024) and Sari et al. (2024) both highlight the role of real-
time feedback loops in sustaining engagement and supporting the corrective processing that drives long-
term retention. Abrar et al. (2025) demonstrate that dynamic Al assessment — where task parameters
adjust in response to ongoing performance — can accelerate task completion without sacrificing accuracy,
suggesting that adaptive feedback reduces the inefficiencies introduced by mismatched task difficulty.
Personalised learning pathways represent a complementary mechanism. By ensuring that learners
encounter material in an order and at a pace matched to their individual knowledge state, adaptive
platforms reduce the extraneous cognitive load associated with encountering content that is either too
advanced or too elementary (Paas et al., 2003). Sharma et al. (2023) and Silva et al. (2024) both underscore
this cognitive load management function as a key explanation for the performance improvements observed
in their reviewed studies. The implication is that Al-driven blended environments do not enhance
cognition through brute-force exposure to more content, but by creating conditions in which each learner's
available working memory can be directed toward germane, meaningful processing.

4. Cognitive Enhancement Strategies

4.1 Specific Strategies in AI-Driven Environments

Several distinct cognitive enhancement strategies emerge from the reviewed literature. Gamification,
employed by Wu et al. (2024), uses game design elements — points, badges, progress indicators, narrative
challenge structures — to sustain motivation and extend voluntary engagement with learning tasks. The
cognitive rationale for gamification is that motivated learners allocate more attentional resources and
persist longer through difficulty, producing deeper encoding and stronger retrieval pathways (Hamari,
Koivisto, & Sarsa, 2014). The significant vocabulary and reading comprehension gains observed by Wu
et al. (2024) are consistent with this mechanism, as is the high engagement reported throughout their eight-
week intervention.

Dynamic adaptive assessment, as implemented by Abrar et al. (2025), represents a more directly cognitive
strategy: by continuously calibrating task difficulty to learner performance, dynamic assessment keeps
learners operating within their zone of proximal development and provides evaluative data that is
diagnostically richer than static tests. Goyal (2025) and TechComp Innovations et al. (2024) highlight the
importance of targeting higher-order cognitive skills — specifically problem-solving, critical thinking,
creativity, and metacognition — through Al-mediated tasks that require not merely recall but application,
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analysis, and synthesis. Goyal (2025) argues that Al systems capable of modelling and responding to a
student's metacognitive processes represent a qualitative advance over earlier technologies, because
metacognitive skill — the ability to plan, monitor, and evaluate one's own thinking — is a stronger
predictor of long-term academic success than domain-specific knowledge alone (Flavell, 1979).

4.2 Adaptation to Individual Learner Needs

The capacity to adapt enhancement strategies to the needs and abilities of individual learners is what most
clearly differentiates Al-driven blended environments from their predecessors. Halkiopoulos and Gkintoni
(2024) review evidence suggesting that Al-driven adaptive assessment not only measures cognitive
outcomes but actively shapes them by varying the cognitive demands of assessment tasks in response to
individual performance profiles. Sharma et al. (2023) similarly find that Al-driven curriculum adaptation
— where the scope, sequence, and depth of content adjusts to each learner's demonstrated readiness —
produces broader engagement and more inclusive outcomes than fixed-sequence curricula. Silva et al.
(2024), drawing on a large mixed-methods study of over 1,000 students, find that motivation and academic
performance both improve when learners perceive the learning environment as responsive to their
individual needs — a finding consistent with self-determination theory's emphasis on the role of
competence and autonomy in sustaining intrinsic motivation (Ryan & Deci, 2000).

5. Outcomes and Results

5.1 Cognitive Outcomes Across Studies

The quantitative evidence drawn from the reviewed studies paints a consistent, if heterogeneous, picture
of cognitive improvement associated with Al-driven blended learning. Wu et al. (2024) provide the most
methodologically rigorous data: their quasi-experimental study with 200 primary students demonstrated
vocabulary improvement of 25% (Cohen's d = 0.75) and reading comprehension improvement of 30%
(Cohen's d = 0.88) relative to controls, with both differences significant at p <0.01. These effect sizes are
consistent with what educational psychologists would classify as moderate to large, suggesting that Al-
driven personalisation and gamification produced practically meaningful, not merely statistically
detectable, gains in language and literacy.

Sari et al. (2024) observed a rise in average student performance from 68.4 to 82.7 — a raw gain of 21
percentage points — following implementation of adaptive Al platforms including Smart Sparrow and
IBM Watson across a diverse sample of 300 students and 50 educators. While no significance test was
reported, the magnitude of improvement across such a large and heterogeneous sample is notable.
TechComp Innovations et al. (2024) reported the most striking figures: 70% improvement in problem-
solving, 65% in critical thinking, and 55% in creativity among university students using ITS, analytics,
and chatbot tools. These are extraordinary claims, and their credibility is limited by the absence of
statistical testing and the small sample of 60 participants — a limitation discussed below. Abrar et al.
(2025) offer a more conservative but still positive picture: 25% performance improvement, 25% faster
task completion, and 15% greater engagement following Al-adaptive dynamic assessment with a sample
of 200 students.

5.2 Patterns and Correlations

Several cross-study patterns merit attention. First, engagement and academic performance co-occur as
outcomes in the majority of studies, suggesting that the motivational mechanisms through which Al-driven
environments operate are inseparable from their cognitive effects: a learner who is disengaged is unlikely
to allocate the sustained attention required for deep encoding (Fredricks, Blumenfeld, & Paris, 2004).
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Second, the studies that incorporate personalised feedback and adaptive sequencing together consistently
outperform those that offer only one of these features, suggesting that the two mechanisms are
complementary and potentially synergistic. Third, studies that include gamification or ITS report the
largest absolute gains, though these are also the studies with the least rigorous statistical reporting,
introducing a risk of overestimation.

Studies relying on systematic review methodology (Sharma et al., 2023; Goyal, 2025; Halkiopoulos &
Gkintoni, 2024; Gkintoni et al., 2025) converge on the conclusion that Al-driven personalisation is
positively associated with academic and cognitive outcomes across diverse educational settings and
learner populations. They also, however, identify important caveats. Goyal (2025) draws specific attention
to the risk of cognitive offloading: when Al systems are so responsive and comprehensive that learners
can obtain correct answers without genuine cognitive effort, the technology may paradoxically impede the
very cognitive development it is meant to support. This is a crucial theoretical insight that has significant
practical implications for the design of Al-driven learning environments.

6. Discussion and Implications

6.1 Interpretation in the Context of Existing Research

Taken together, the findings of this review align with and extend the broader literature on technology-
enhanced learning. The evidence that adaptive personalisation, real-time feedback, and intelligent tutoring
produce meaningful cognitive gains is consistent with VanLehn's (2011) influential meta-analysis of ITS
effectiveness, which found that ITS produce effect sizes approaching those of human one-to-one tutoring.
The present review adds texture to this picture by documenting the specific mechanisms — gamification,
dynamic assessment, personalised pathways — through which these gains are achieved in contemporary
blended contexts, and by flagging the emerging potential of neuroadaptive systems to take feedback
sensitivity to an entirely new level.

The finding that motivation and engagement consistently co-occur with cognitive improvement is also
theoretically coherent. Self-determination theory (Ryan & Deci, 2000) predicts that learning environments
which satisty learners' basic psychological needs for competence, autonomy, and relatedness will produce
higher intrinsic motivation, greater persistence, and deeper learning. Al-driven environments that
dynamically calibrate challenge level (supporting competence), allow learners to progress at their own
pace (supporting autonomy), and provide responsive feedback (replacing the relational function of an
instructor, however imperfectly) directly address all three needs. The motivational and cognitive effects
of these environments may therefore be mutually reinforcing rather than independent.

6.2 Implications for Education and Cognitive Enhancement

The practical implications of this evidence base are substantial. For classroom educators, the reviewed
studies suggest that the most productive role for Al in blended instruction is not as a replacement for
human teaching but as a cognitive support infrastructure that handles individualised practice and feedback,
freeing instructor time for the higher-order relational and metacognitive work that Al cannot yet replicate.
Sari et al. (2024) and Silva et al. (2024) both emphasise the importance of educator training in this regard:
the benefits of Al-driven platforms are contingent on instructors who understand how to interpret Al-
generated data and integrate it meaningfully into their pedagogical decision-making.

For institutional policymakers, the evidence calls for investment in platform infrastructure and data
governance frameworks that can support Al-driven blended learning at scale without exposing learners to
the data privacy and algorithmic bias risks documented across the reviewed studies. Halkiopoulos and
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Gkintoni (2024) specifically recommend that policymakers require transparency in the algorithms
underpinning educational Al tools, enabling independent audits for bias before systems are deployed in
high-stakes contexts. The particular vulnerability of learners from minoritised or lower-income
backgrounds to algorithmic bias — which tends to reflect and amplify existing inequalities in training data
— makes this not merely a technical concern but an equity imperative (Mehrabi et al., 2021).

6.3 Limitations and Future Research

Several methodological limitations temper the conclusions of this review. Most critically, only one study
(Wu et al., 2024) reported both statistical significance and effect sizes, leaving the majority of quantified
improvement claims — including the striking figures from TechComp Innovations et al. (2024) — without
the inferential foundations necessary to rule out sampling error or measurement artefact. Intervention
durations across studies were generally short, raising questions about whether observed gains reflect
durable cognitive change or merely temporary performance effects attributable to novelty and heightened
engagement. Sample sizes in the empirical studies ranged from 60 to 300 participants, limiting statistical
power and generalisability, and several studies failed to specify demographic characteristics in sufficient
detail to permit subgroup analyses.

Future research should prioritise randomised controlled designs with adequate power, pre-registered
hypotheses, and follow-up assessments at intervals of at least three to six months to evaluate the durability
of cognitive gains. There is also a pressing need for studies that use validated neuropsychological
instruments — measures of working memory capacity, attentional control, and executive function — as
primary outcomes rather than relying exclusively on academic achievement tests. The neuroadaptive
systems reviewed by Gkintoni et al. (2025) offer exciting possibilities in this regard, as real-time biometric
monitoring could enable far more fine-grained assessment of cognitive state than traditional testing allows.
Finally, longitudinal studies tracking learners across multiple academic years will be essential for
understanding whether early Al-driven cognitive enhancement produces compounding benefits over time
or whether initial gains plateau as novelty effects dissipate.

7. Conclusion

This review has synthesised a decade's worth of empirical and theoretical work to conclude that Al-driven
blended learning environments represent a genuinely promising approach to cognitive enhancement in
formal educational settings. The evidence base, while methodologically uneven, consistently points in the
same direction: adaptive personalisation, real-time intelligent feedback, and strategically implemented
gamification produce meaningful improvements in vocabulary, reading comprehension, problem-solving,
critical thinking, engagement, and motivation. The most rigorous evidence to date — Wu et al.'s (2024)
quasi-experiment — demonstrates moderate to large effect sizes for language and literacy outcomes
among primary learners, and broader reviews by Sharma et al. (2023), Goyal (2025), and Halkiopoulos
and Gkintoni (2024) converge on positive conclusions across diverse learner populations and educational
levels.

The significance of these findings extends beyond the classroom. As Al systems grow more sophisticated
— progressing from static adaptive algorithms to real-time neuroadaptive architectures — the potential to
engineer learning environments that are continuously, precisely, and non-invasively responsive to each
learner's cognitive state comes within reach. If this potential is realised responsibly, it could fundamentally
reshape the equity landscape of education, giving every learner access to the kind of individually calibrated
cognitive support that has historically been available only to those who can afford private tutors.
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Realising this potential responsibly, however, requires concerted action across multiple domains.
Educators need training not merely in how to use Al tools, but in how to interpret their outputs critically
and integrate them within pedagogically coherent frameworks that preserve space for human relational
learning. Policymakers need to establish regulatory frameworks that mandate algorithmic transparency,

protect learner data, and audit Al systems for bias before they are deployed in vulnerable settings.
Researchers need to close the methodological gaps identified in this review — adopting rigorous
experimental designs, neuropsychological outcome measures, and long-term follow-up periods — so that
future evidence syntheses can move beyond cautious optimism toward confident, generalisable
conclusions. The technology is advancing rapidly; the scientific and ethical infrastructure surrounding it
must keep pace.
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