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Abstract
Background: Artificial intelligence (AI)–generated lifestyle recommendations are increasingly used to support health
behavior change. However, AI advice does not necessarily mean that users will accept or adopt those recommendations.
Although prior reviews have examined AI-enabled lifestyle interventions and health behavior technologies, fewer have focused
on whether users accept and adopt AI-generated recommendations.
Objective: This scoping review aimed to map user acceptability and adoption of AI-generated lifestyle recommendations
in user-facing systems used by end users or caregivers. Objectives were to characterize systems and evaluation contexts,
clarify how recommendation-level outcomes were conceptualized and measured, synthesize shaping factors, and develop an
evidence-informed framework to guide future research, evaluation, and design.
Methods: Following JBI (Joanna Briggs Institute) guidance and the PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews), we searched Ovid MEDLINE, Ovid Embase, APA PsycInfo via
ProQuest, Web of Science Core Collection, Scopus, ACM Digital Library, and IEEE Xplore from database inception to May 5,
2026. The initial search was conducted on November 21, 2025, and an updated search was conducted on May 5, 2026. Eligible
studies reported empirical end-user or caregiver data, evaluated AI-generated lifestyle recommendation content delivered
without manual review or editing, and reported an acceptability or adoption outcome linked to recommendations. English
empirical papers and conference papers were included. Data were charted on study, system, outcome, measurement, factor,
and theoretical characteristics. Quality was assessed with the Mixed Methods Appraisal Tool. Findings were synthesized
descriptively and through evidence mapping.
Results: Searches yielded 12,997 records; 8570 unique records were screened, and 21 studies were included. Most were
published in 2025 or 2026 (17/21, 81%). Large language model–centered systems were the most common format (12/21,
57.1%). Outcomes were concentrated in acceptability-related perceptions, such as satisfaction or enjoyment, perceived quality
or fit, and persuasiveness, whereas adoption-related outcomes were assessed less often and mainly reflected intention, in-
study uptake, or short-term enactment. Factors clustered across system capabilities, content properties, individual states and
capacities, and contextual constraints. Findings informed an integrative perception-intention-enactment framework positioning
acceptability and adoption as a system-content-user-context process.
Conclusions: This review extends prior AI and digital health reviews by shifting attention toward how users perceive, intend
to follow, and enact AI-generated lifestyle recommendations. Acceptability and adoption appear to depend on systems eliciting
and adapting to context, content being actionable and credible, users having the capacity to interpret, trust, and engage with
recommendations while retaining control, and resources, routines, and social contexts allowing enactment. The framework
can guide theory-driven evaluation, outcome selection, and system design by identifying where recommendation processes
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may succeed or fail, but should be interpreted as preliminary and evidence-informed rather than causal. By integrating
implementation, behavioral, and human-AI perspectives, this review provides a foundation for moving AI-generated lifestyle
recommendations from technically plausible outputs toward user-centered, context-sensitive, and behaviorally actionable
support.
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Introduction
Noncommunicable diseases (NCDs) are a leading cause of
preventable morbidity and mortality worldwide, threatening
public health and economies and delaying progress toward
the Sustainable Development Goals [1,2]. The burden is
increasingly evident earlier in the life course, with substantial
and growing deaths and disability among adolescents and
young adults [3], and estimates suggest that the unconditional
probability of dying from an NCD before age 80 years is 38%
for females and 51% for males [1]. Lifestyle-related factors,
including physical inactivity, unhealthy dietary patterns,
tobacco use, and high alcohol consumption, are key modi-
fiable drivers of NCD risk [4,5], making lifestyle interven-
tions central to prevention and long-term management [6].
Although structured and multidomain interventions improve
health behaviors in controlled settings [7], effects often
attenuate in routine practice because of barriers to uptake
and adherence, implementation constraints, challenges in
long-term maintenance, and limited alignment with real-
world contexts [6,8].

Digital health technologies have therefore been increas-
ingly adopted to deliver scalable lifestyle and behavior
change interventions for NCD prevention and management
[9], and advances in artificial intelligence (AI) are accelerat-
ing personalized and adaptive lifestyle support [10]. AI-
enabled systems include conversational agents and virtual
coaches, recommender systems, wearable-based adaptive
feedback, and large language model (LLM)–powered
conversational systems [10,11], applied across domains such
as physical activity (PA), diet and weight management,
smoking cessation, and mental health [10]. Evidence suggests
that AI-generated lifestyle recommendations can be clini-
cally plausible and reasonably accurate, though with several
limitations [12-14], and AI-driven programs may improve
health behaviors and related outcomes [10,15].

However, recommendation quality and trial efficacy do
not guarantee user acceptability or real-world adoption,
particularly when recommendations are generated by AI
[16]. Lifestyle change is supported by autonomous moti-
vation and sustained engagement, with self-determination
theory-informed evidence linking autonomous motivation to
health behavior change [17]. Acceptability and adoption
of AI-generated recommendations extend beyond usefulness
or feasibility to include trust, transparency, and explaina-
bility, autonomy and control, and concerns about privacy,
accountability, and ethical risk [18,19]. Importantly, much
of the literature emphasizes acceptance of AI systems rather
than whether users accept and adopt specific AI-generated

recommendations, obscuring how system use translates into
recommendation uptake or behavior enactment [20,21].
Accordingly, this review centers on recommendation-level
acceptability and adoption and, drawing on an implemen-
tation science taxonomy, treats both as implementation
outcomes applied to AI-generated recommendation content
[22]. In this review, acceptability refers to users’ perceptions
and appraisals of AI-generated lifestyle recommendations,
whereas adoption refers to users’ intention, decision, uptake,
or enactment of the recommended actions [22]. Consistent
with the Capability, Opportunity, Motivation–Behavior model
(COM-B), these processes may depend on users’ capability to
interpret and act on recommendations, motivation to engage
with suggested actions, and opportunities or constraints in
everyday contexts [23].

User acceptability and adoption of AI-generated life-
style intervention recommendations are critical, but existing
reviews have only partially addressed this issue. Reviews
of LLM-based health and exercise coaches have highligh-
ted fragmented evaluation practices and limited real-world
user evidence [24], while reviews of diet-related health
recommender systems have focused mainly on system
functions, recommendation methods, and evaluation criteria,
with limited user-centered and longitudinal evaluation [25].
Reviews of AI applications in PA interventions have mapped
how AI is used to promote PA, predict PA-related outcomes,
and support personalization, monitoring, and adaptation,
but have not specifically examined users’ acceptability and
adoption of AI-generated advice [11]. Broader reviews
of AI acceptance in health care have identified barriers
and facilitators across heterogeneous AI technologies, but
primarily focus on AI systems rather than on users’ responses
to specific AI-generated recommendations [20,21]. Together,
these reviews indicate a gap in synthesizing evidence on
whether, how, and under what conditions end users or
caregivers accept and adopt AI-generated lifestyle recommen-
dations after interacting with user-facing systems.

At the same time, evidence remains fragmented across
disciplines and their preferred theoretical lenses, spanning
psychological theories (eg, self-efficacy), behavioral science
frameworks (eg, the Theoretical Domains Framework),
behavior change and persuasive strategies (eg, behav-
ior change techniques; BCT), human-computer interaction
(HCI) principles, and computer science work that fore-
grounds algorithmic performance [18,26-28]. This fragmen-
tation contributes to heterogeneous outcome definitions
and measures, limits comparability, and hinders integrative
explanations. Moreover, studies often rely on hypotheti-
cal scenarios or early-stage design explorations that may
not capture acceptability and adoption processes unfolding
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through real-world use [29]. Given this conceptual and
methodological heterogeneity, and the relatively early and
rapidly developing evidence base for AI-generated lifestyle
recommendation systems, a scoping review is well-suited to
mapping how acceptability and adoption have been concep-
tualized and studied across disciplines [30].

Accordingly, this scoping review focuses on user-facing
AI-enabled lifestyle intervention systems used by end users
or their caregivers to (1) characterize system formats, AI
methods, and evaluation contexts, (2) map how acceptabil-
ity and adoption outcomes are defined and measured, (3)
synthesize factors shaping acceptability and adoption, and
(4) integrate identified factors into a preliminary integrative
framework to inform future research, system design, and
implementation.

Methods
Protocol and Registration
A protocol for this scoping review was registered on the OSF
(Open Science Framework; bu3ga). The review followed JBI
(Joanna Briggs Institute) methodology [31] and the PRISMA-
ScR (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) guidance
[32]. No changes were made to the overall review objec-
tives or Population, Concept, and Context (PCC) framework.
During the review process, the protocol concept of AI-gen-
erated lifestyle intervention recommendations was further
operationalized to improve conceptual clarity and reprodu-
cibility. In the synthesis, the protocol categories guided
initial coding, while the charted evidence further highlighted
individual-level factors and allowed AI-specific issues to be
examined across system, content, individual, and contextual
levels rather than as a single standalone category. The
database searches were updated on May 5, 2026.
Eligibility Criteria

Overview
Eligibility criteria were defined a priori following JBI scoping
review guidance and structured using the PCC framework
[31].

Inclusion Criteria
Studies were eligible if they met all of the following criteria:

1. Population: reported empirical data from human end
users (or caregivers).

2. Concept: (1) involved AI-generated recommendation
content, including LLM-based systems and systems
using other non-LLM AI methods to generate,
compose, plan, optimize, adapt, or otherwise construct
recommendation content for a specific user rather than
merely selecting or ranking items from a predefined
library; and (2) AI-generated recommendations had to
be delivered to users without manual review or editing
of individual recommendations before delivery, such
that the AI system controlled recommendation content
and/or structure.

3. Context: targeted lifestyle domains, such as PA, diet,
sleep, stress management, and smoking cessation.

4. Outcomes: reported at least one acceptability out-
come (eg, perception) or adoption outcome (eg,
intention or enactment) related to the recommended
content. System-use outcomes were eligible only when
explicitly interpreted by study authors as reflecting
acceptability or uptake of AI-generated recommenda-
tions, rather than general engagement with the system.

5. Types of evidence sources: full-text empirical journal
papers and conference papers published in English were
eligible, with no restrictions on publication year or
geographic region.

Exclusion Criteria
Studies were excluded if the report was technical-only
with no human evaluation; if recommendation content was
reviewed, edited, or approved by humans before delivery;
if the core logic was rule-based or heuristic, or nonlearn-
ing similarity or memory-based; if recommendations were
produced solely by selecting or ranking items from a fixed
candidate pool (including machine-learning trained rankers);
if the context did not involve lifestyle intervention recom-
mendations; or if outcomes were system-level only without
a clear link to user acceptability, adoption, or engagement
with AI-generated recommendation content. These exclu-
sions were applied because human review or fixed candi-
date libraries may independently influence recommendation
quality, credibility, and fit, thereby complicating interpreta-
tion of acceptability and adoption outcomes [25,33].
Information Sources

Overview
Seven electronic databases were searched separately from
their earliest available coverage to the latest records availa-
ble at the time of the final search: Ovid MEDLINE, Ovid
Embase, APA PsycInfo via ProQuest, Web of Science Core
Collection, Scopus, ACM Digital Library, and IEEE Xplore.
Searches were first conducted on November 21, 2025, and
updated on May 5, 2026; the most recent search was
conducted on May 5, 2026. Database-specific coverage dates
and complete search strategies are provided in Multimedia
Appendix 1. No registries, supplementary sources, citation
searching, contacts, or other search methods were used.

Search
Search reporting followed PRISMA-S (Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
literature search extension) [34]. A PCC-informed search
strategy combined terms for (1) AI or generative AI
systems; (2) lifestyle or health behavior change domains;
and (3) acceptability or adoption outcomes, with additional
recommendation or coaching and end-user terms where
applicable. Searches combined controlled vocabulary (eg,
MeSH [Medical Subject Headings] or Emtree) and free-text
keywords in titles or abstracts, using Boolean operators (OR/
AND) and database-specific proximity operators as appropri-
ate. Prior syntheses [35] informed the search terms related
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to AI acceptance and adoption constructs. No database
search limits were applied for language, publication year, or
publication type. No published search filters were applied,
and no formal external peer review of the search strategy was
conducted. The updated search was conducted by rerunning
the database searches using the same search concepts and
database-specific syntax. Complete search strategies as run,
along with record counts for all databases, are provided in
Multimedia Appendix 1.
Selection of Sources of Evidence
Records were imported into Rayyan for deduplication and
screening [36], with duplicate records removed before
screening. Study selection followed a two-stage process
(title or abstract screening, then full-text review) using the
prespecified eligibility criteria. MM and TS independently
screened all records at both stages. Discrepancies were
resolved through discussion until consensus was reached,
with consultation of a third reviewer (PWCL) when needed.
For reports excluded at the full-text stage, the primary reason
for exclusion was documented. The study selection process
is reported in the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) flow diagram, and
a list of full-text exclusions with reasons is provided in
Multimedia Appendix 1. Substantively distinct reports were
retained as separate records and charted independently when
evaluations differed in focus, outcomes, or study procedures.
Data Charting Process
Data were charted in Microsoft Excel using a standar-
dized form developed a priori and refined during piloting.
MM charted all studies, and TS independently verified
all fields and coding decisions for accuracy and complete-
ness. Disagreements were resolved through discussion until
consensus was reached, with PWCL adjudicating when
needed. No study investigators were contacted to obtain or
confirm data.
Data Items
Data items included study characteristics (authors, publica-
tion year, country or region, publication type, study design,
sample size, participant characteristics, and lifestyle domain);
system characteristics (system format, core AI method, data
inputs, knowledge sources, and delivery channel); recom-
mendation-level outcome constructs, including acceptability-
related perceptions, adoption-related intentions, behavioral
choice or enactment, and formative or contextual evi-
dence; measurement or evidence approaches; reported factors
shaping acceptability and adoption; and explicit theories,
models, frameworks, or strategy lenses used in design,
evaluation, or interpretation.
Critical Appraisal of Individual Sources of
Evidence
The methodological quality of the included studies was
independently appraised by MM and TS using the Mixed

Methods Appraisal Tool (MMAT) [37]. The MMAT applies
five core methodological criteria appropriate to the study
design (eg, qualitative, quantitative, or mixed methods).
Each of the five design-appropriate MMAT criteria was
rated (yes, no, or cannot tell). For descriptive reporting,
the number of criteria met was summarized as a 0‐5
score (with the corresponding percentage), consistent with
the 2020 guidance. Discrepancies were resolved through
discussion, with PWCL adjudicating if needed. Item-level
MMAT assessments are provided in Multimedia Appendix 2
[18,19,26-28,38-53].

Synthesis of Results
Charted data were summarized descriptively using tables,
figures, frequencies, and percentages where appropriate.
Following guidance for analysis and presentation of results in
scoping reviews, factors shaping acceptability and adop-
tion were synthesized using a deductive-inductive mapping
approach: protocol-informed categories guided initial coding,
while additional factor groups were refined through repea-
ted comparison of the charted evidence [54]. Recommenda-
tion-level outcomes were mapped to acceptability, adoption,
and formative or contextual evidence categories. Evidence
maps were generated to visualize outcome constructs and
factor groups by measurement or evidence type. Descriptive
summaries and visualizations were produced using R (version
4.4.2; R Foundation).

Results
Study Selection
The database searches yielded 12,997 records. After removal
of duplicates, 8570 unique records were screened. The
large duplicate count likely reflected overlap across multi-
disciplinary databases. Title and abstract screening excluded
8352 records, and 218 reports were sought for retrieval.
Two reports could not be retrieved; therefore, 216 full-
text reports were assessed for eligibility. A total of 195
reports were excluded at full-text review. The most common
exclusion reason was no eligible AI-generated recommen-
dation, mainly referring to rule-based, heuristic, similarity-
based, or fixed-candidate selection or ranking systems rather
than recommendations constructed by AI for individual users.
Other reasons included irrelevant or absent acceptability
or adoption-related outcomes, no eligible system or user
evaluation, no lifestyle recommendation, and abstract-only or
insufficient full-text availability. Finally, 21 studies met the
inclusion criteria and were included in the synthesis (Figure
1).
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Figure 1. PRISMA flow diagram of study selection. The diagram shows the identification, screening, eligibility assessment, and inclusion of
studies on AI-generated lifestyle recommendations. AI: artificial intelligence; PRISMA: Preferred Reporting Items for Systematic Reviews and
Meta-Analyses.

Characteristics of Included Studies
Included reports were published between 2022 and 2026, with
the evidence base concentrated in 2025 or 2026 (17/21). Six
reports were journal papers [19,38-42], and 15 reports were
conference papers [18,26-28,43-53]. Studies were conducted
across 12 countries or regions, including the United States
(n=3) [18,42,47], and Canada [19,27], mainland China [28,
52], Germany [43,46], Hong Kong, China [26,45], India [49,
53], Ireland [39,48], and Singapore [41,50] (n=2 each), and
Japan [51], Norway [44], the United Kingdom [38], and
Vietnam [40] (n=1 each).

Study designs included quantitative descriptive stud-
ies (n=5) [28,38,40,41,53], mixed-methods studies (n=5)
[18,19,27,50,52], qualitative studies (n=4) [43,44,46,47],

nonrandomized studies (n=4) [42,45,49,51], and randomized
trials (n=3) [26,39,48]. Across lifestyle domains, diet-related
recommendations were most common, including nutrition-
focused dietary guidance (n=6) [26,28,40,45,51,52] and
weight-loss-focused dietary support (n=2) [19,27]. Further,
4 studies examined combined diet and PA recommendations
[38,41,46,53], 3 studies targeted PA recommendations alone
[39,44,48], 3 studies addressed multidomain lifestyles [43,
49,50], and single studies addressed PA-sleep [18], stress
management [47], and sleep [42].

All studies evaluated end users, and sample sizes ranged
from 2 [47] to 366 [43] participants. Methodological quality
varied across studies, with 15 studies meeting four or five
MMAT criteria [18,19,26,27,38-41,43-48,51] and 6 studies
meeting one to three criteria [28,42,49,50,52,53] (Table 1).
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Table 1. Overview of included studies and extracted characteristics. This table summarizes the study design, country or region, publication
type, sample size, participant characteristics, and lifestyle domain for each included study. Included studies were published from 2022 to 2026
and examined AIa-generated lifestyle recommendations across diet, PAb, sleep, stress management, weight management, smoking cessation, or
multidomain lifestyle contexts.

Study Country Publication type Study design Value, nc Participants
Lifestyle
domain MMATd,f

Alcaraz-Herrera et al,
2022 [38]

UK Journal paper Descriptive 205; subsequent
44

14‐49 y, both sexes Diet and PA 5e

Ataguba and Orji, 2025
[19]

Canada Journal paper Mixed 17 ≥18 y, 11Mg/6Fh,
ChatGPT users,
weight-loss history

Diet/weight loss 5e

Ataguba et al, 2025
[27]

Canada Conference paper Mixed 17 ≥18 y, weight-loss
plans, ChatGPT
experience

Diet/weight loss 5e

R et al, 2026 [49] India Conference paper Nonrandomized NRi Patients with
Parkinson disease,
mild to advanced
stages

Multidomain 2j

Doherty et al, 2024
[39]

Ireland Journal paper RCTk 62 18‐65 y, 24M/38F,
healthy active adults

PA 5e

Gao et al, 2026 [50] Singapore Conference paper Mixed 8 68‐86 y, 5F/3M,
older adults living
alone

Multidomain 3l

Gao et al, 2025 [51] Japan Conference paper Nonrandomized 12 23‐32 y, 4F/8M Diet/nutrition 5e

Goh et al, 2026 [41] Singapore Journal paper Descriptive 20 40‐59 y, 10F/10M,
community residents

Diet and PA 5e

Jahn et al, 2025 [43] Germany Conference paper Qualitative 366 ≥65 y Multidomain 5e

Larbi et al, 2025 [44] Norway Conference paper Qualitative 5 20‐60 y, chatbot
experience

PA 5e

Liang et al, 2025 [26] Hong Kong,
China

Conference paper RCT 214 (follow-up
140)

18‐66 y, 129F/84M,
interested in diet

Diet/nutrition 4m

Liang and Luo, 2025
[45]

Hong Kong,
China

Conference paper Nonrandomized 161 18‐69 y, 84F/77M,
dietary preferences/
restrictions

Diet/nutrition 4m

Liu et al, 2025 [28] China Conference paper Descriptive 50 NR Diet/nutrition 2j

Liu and Liu, 2026 [42] US Journal paper Nonrandomized 42 18‐75 y, 12M/30F,
poor sleep

Sleep 3l

Meywirth, 2024 [46] Germany Conference paper Qualitative 11 NR Diet & PA 5e

Neupane et al, 2025
[47]

US Conference paper Qualitative 2 PhD students, high
stress

Stress
management

5e

Phan et al, 2026 [40] Vietnam Journal paper Descriptive 265 18‐39 y, 190F, most
had ChatGPT
experience

Diet/nutrition 5e

Sheng et al, 2025 [52] China Conference paper Mixed 186 NR Diet/nutrition 2j

Tragos et al, 2023 [48] Ireland Conference paper RCT 69 Adults, 27M/42F,
recreational
exercisers

PA 4m

Tyagi et al, 2025 [53] India Conference paper Descriptive 10 20‐30 y, beta users Diet and PA 1n
Wang et al, 2025 [18] US Conference paper Mixed 16 18‐44 y, 10M/5F,

motivated to improve
sleep/PA

PA/sleep 4m

aAI: artificial intelligence.
bPA: physical activity.
cFor studies with multiple sample-size entries, “subsequent” and “follow-up” indicate participants who completed an additional challenge study or
follow-up survey after the main evaluation.
dMMAT: Mixed Methods Appraisal Tool.
e5: each count represents 20% of the quality appraisal standards met.
fMixed Methods Appraisal Tool values indicate the number of applicable criteria met by each study, with a maximum of 5; higher values indicate
that more criteria were met.
gM: male.
hF: female.
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iNR: not reported.
j2: each count represents 20% of the quality appraisal standards met.
kRCT: randomized controlled trial, including randomized crossover trials.
l3: each count represents 20% of the quality appraisal standards met.
m4: each count represents 20% of the quality appraisal standards met.
n1: each count represents 20% of the quality appraisal standards met.

System Characteristics and Design
Features
The included systems varied in format, AI method, input
data, knowledge grounding, and delivery channel (Figure 2).
Study-level system characteristics are provided in Multi-
media Appendix 1. LLM-centered conversational systems
were the most common system format (12/21, 57.1%),
followed by hybrid AI systems (6/21, 28.6%) and learning
or optimization-based recommenders (3/21, 14.3%). At

the method level, LLM prompting or generation was the
most frequently reported core AI method (12/21, 57.1%).
Smaller subsets of studies implemented knowledge graph–
or retrieval-augmented generation–grounded LLM pipelines
(3/21, 14.3%), learning or optimization algorithms (3/21,
14.3%), machine learning (ML)–supported decision-making
combined with LLM generation (2/21, 9.5%), or constrained
artificial intelligence–generated content with rule validation
(1/21, 4.8%).

Figure 2. Distribution of system characteristics and feature inputs across included studies. Bars indicate the number of studies in each category, with
percentages calculated using the total number of included studies as the denominator (n=21). For system format and core AI method, each study was
assigned to the most representative category. Data input categories were not mutually exclusive because a single system could use multiple types of
user information. AI: artificial intelligence; AIGC: artificial intelligence–generated content; KG: knowledge graph; LLM: large language model; ML:
machine learning; RAG: retrieval-augmented generation.
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Studies, n (%)

Personalization most often relied on user behaviors and
habits (16/21, 76.2%), preferences and constraints (15/21,
71.4%), and health, physiology, or biometrics (14/21, 66.7%).
Demographics or basic profiles and goals or intentions were
each used in 12 (57.1%) studies. Interaction content or
history was used in 11 (52.4%) studies, feedback or adher-
ence signals in 10 (47.6%) studies, context or situation in 8

(38.1%) studies, and mood or psychological status in 2 (9.5%)
studies. Knowledge sources were nearly evenly split between
system prompts or LLM knowledge (11/21, 52.4%) and
external guidelines, databases, or knowledge bases (10/21,
47.6%). Delivery most often occurred via application-based
interfaces (13/21, 61.9%), followed by general-purpose LLM
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platforms (5/21, 23.8%), with physical embodiment and
unspecified delivery channels reported less frequently.

In summary, the evidence base was characterized by
LLM-centered conversational systems that drew on extensive
user profiling, especially behavioral histories, preferences,
constraints, and health-related information. However, systems
varied in how recommendations were grounded, optimized,
adapted, and delivered.
Acceptability and Adoption Constructs
and Measurement Approaches
Across included studies, recommendation-level outcomes
were organized as acceptability, adoption, and formative

or contextual evidence (Table 2). Acceptability was mainly
reflected in perceptual appraisals of recommendation content,
while adoption was reflected in intention, in-study uptake,
and short-term enactment of recommended actions. The
evidence base emphasized acceptability-related perceptual
outcomes and intention-related measures, whereas enactment-
related indicators were less frequently assessed. Figure 3
visualizes the distribution of these outcome constructs by
measurement or evidence approach.

Table 2. Conceptual mapping of recommendation-level outcomes to acceptability and adoption. Definitions of acceptability and adoption were
adapted from the implementation outcomes taxonomy by Proctor et al [22] and applied at the level of AIa-generated lifestyle recommendations.
Overlapping appraisals of recommendation content were grouped as acceptability-related indicators, consistent with previous discussion of overlap
between acceptability and appropriateness [22].
Implementation
outcome/evidence
type Definition applied in this review

Outcome manifestation
in included studies Outcome construct groups

Acceptability Users’ perception and appraisal of AI-generated lifestyle
recommendations, including whether recommendations
were satisfactory, relevant, fitting, persuasive, useful, or
appropriate.

Perception Satisfaction/enjoyment [28,38,39,48];
content quality/fit [26,38,41,42,45,51-53];
persuasiveness [19,27]

Adoption Users’ intention, decision, or action to try, use, follow,
or implement AI-generated lifestyle recommendations.

Intention Intention to engage [40];
intention to follow [26,45,50]

Adoption Users’ intention, decision, or action to try, use, follow,
or implement AI-generated lifestyle recommendations.

Enactment In-study uptake [38,45];
short-term enactment [18,26,49,50]

Formative/contextual
evidence

Evidence explaining user needs, barriers, design
preferences, and reasons related to acceptability and
adoption.

Explanatory or
contextual evidence

Needs/barriers/design principles [43,44,46,
47,50,52]

aAI: artificial intelligence.

Figure 3. Evidence map of recommendation-level outcomes by measurement approach. Rows represent outcome construct groups, and columns
represent the measurement or evidence approach used in the included studies. Bubble size indicates the number of studies contributing evidence to
each outcome construct–measurement approach cell. Empty or small cells indicate areas where evidence was limited.
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Perception
Perceptual and attitudinal outcomes formed the largest
body of evidence. Satisfaction or enjoyment was the most
frequently assessed construct and was measured using
both standardized instruments and custom measures. In
the PA domain, enjoyment was assessed using the Phys-
ical Activity Enjoyment Scale (8-item version) [39,48].
Studies focusing on dietary or mixed lifestyle recommenda-
tions relied primarily on researcher-developed Likert-type
ratings targeting specific recommended content or interaction
sessions [28,38].

Perceived content quality or fit was another commonly
assessed perceptual construct. This dimension was operation-
alized either through custom ratings of content attributes,
such as diversity, healthiness, relevance, or attractive-
ness [38], or through adapted and study-developed ques-
tionnaires assessing perceived recommendation accuracy,
quality, novelty, diversity, explanation quality, expectation
fit, personalization, appropriateness, actionability, tailoring,
rationale understanding, and goal or input fit [26,41,42,45,51-
53]. In addition, some studies examined perceived persuasive-
ness, defined as the extent to which AI-generated recom-
mendations were perceived as capable of influencing users’
attitudes or behaviors. This construct was assessed using
adapted versions of the Perceived Persuasiveness Scale and
was often accompanied by open-ended questions or inter-
views to contextualize variation in persuasiveness ratings [19,
27].
Intention
Intention was examined at two levels. Intention to engage
(to receive recommendations) captured users’ willingness to
continue using a system to receive AI-generated recommen-
dations and was measured using adapted intention-to-engage
scales [40]. Intention to follow recommendations reflected
users’ willingness to take up the recommended actions and
was operationalized through contextualized, researcher-devel-
oped questionnaire items referring explicitly to the recom-
mended content [26,45,50].
Enactment
Only a small number of studies assessed behavioral enact-
ment. In-study uptake was measured through immediate
indicators such as recommendation acceptance rates [45]
or blind paired forced-choice preference tasks compar-
ing alternative recommendation systems [38]. Short-term
enactment was evaluated via brief follow-up measures,
including retrospective categorical uptake, binary daily

adherence items, and patient self-reports with caregiver
verification [18,26,49]. Qualitative uptake evidence further
indicated whether recommended diet or exercise actions
were implemented or integrated into daily routines during
longitudinal interaction with the system [50]. As shown in
Figure 3, enactment-related evidence was less common than
perceptual and intention-related evidence.
Formative or Contextual Evidence
In addition to outcome-focused measurements, several
qualitative studies contributed formative and exploratory
evidence. Drawing on empirical interaction with sys-
tem prototypes or functional components, these studies
used semistructured interviews, focus groups, think-aloud
protocols, prototype evaluations, auto- or duoethnographic
methods, open-ended responses, and short interviews to
examine how AI-generated lifestyle recommendations were
appraised, trusted, followed, or not taken up [43,44,46,47,50,
52]. Rather than operationalizing acceptability or adoption as
discrete outcomes, this body of work focused on identifying
user needs, contextual barriers, cultural considerations, and
design principles relevant to acceptability and adoption.

Taken together, Figure 3 shows that outcome evidence
was concentrated in perceptual appraisal of recommendation
content, especially satisfaction or enjoyment, and content
quality or fit. Adoption-related evidence was less com-
mon and was distributed across intention, in-study uptake,
and short-term enactment. Qualitative or formative evi-
dence provided important explanatory context but was less
often linked to discrete acceptability or adoption outcome
measures. This pattern suggests that existing studies more
often assessed whether users positively appraised AI-gener-
ated lifestyle recommendations than whether users went on to
try, follow, or take them up.
Factors Shaping Acceptability and
Adoption
Across studies, reported factors shaping acceptability and
adoption spanned system capabilities, content properties,
individual states and capacities, and contextual constraints,
including 13 core factors (Table 3). Quantitative tests of
moderation or mediation were uncommon, and factors were
most often reported as experimental or comparative manipu-
lations, quantitative associations, or qualitative or formative
themes (Figure 4). Accordingly, these factors were interpre-
ted as evidence-informed conditions in the recommendation
process rather than confirmed causal predictors or stage-spe-
cific effects.
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Figure 4. Evidence map of factor groups by supporting evidence type. Rows represent factor groups synthesized from included studies, and columns
represent the type of supporting evidence reported in the included studies. Bubble size indicates the number of studies contributing evidence to
each factor group–evidence type cell. The map shows the distribution of evidence supporting the factor map and does not imply confirmed causal
predictors or stage-specific effects.
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Table 3. Multilevel factor map shaping the acceptability and adoption of artificial intelligence–generated lifestyle recommendations. Factors are
interpreted as evidence-informed conditions in the recommendation process, rather than as confirmed causal predictors or stage-specific effects.
Level and core factor Synthesized role
System capabilities
  A1. Personalization and adaptation Dynamic tailoring and iterative refinement based on user goals, preferences, abilities, profiles, feedback,

interaction histories, constraints, and context. This includes optimization, adaptive sequencing, alternative
generation, and knowledge-supported personalization [18,19,28,38,39,46-48,51,52].

  A2. Interaction and control Elicitation, clarification, low-burden input, refinement options, customization, override controls,
frequency preferences, and optional or cautious modes that allow users to shape recommendations and
interaction style [18,27,41,43,44,46,47,50,52].

  A3. System infrastructure and dependability
  A3a. Tracking/progress features Built-in tracking, reminders, progress summaries, rewards, monitoring feedback, and follow-up

mechanisms that support self-monitoring and follow-through [18,27,43,49].
  A3b. System dependability Technical stability, reliable data access, platform credibility, and accurate measurement or sensing that

support dependable system use [18,40,43,44].
  A3c. Boundary-condition transparency Transparency about privacy, data use, system assumptions, recommendation generation, AI involvement,

and system constraints or limitations [18,41,43,44,47,52].
Content properties
  B1. Fit/relevance Alignment of recommendations with users’ goals, preferences, constraints, habits, cultural context, health

needs, domain needs, and daily routines [18,19,27,41,44,46,47,49,50,52].
  B2. Actionability and presentation Concrete, structured, specific, concise, and multimodal guidance, including implementation details, visual

aids, and formats that make recommendations easier to understand and act on [18,19,27,41,44,46,47,50].
  B3. Content quality: coherence,

explainability, and correctness
Coherence, consistency, correctness, safety, explainability, rationale, evidence cues, domain accuracy,
and avoidance of contradictory or unsupported advice [18,19,27,28,46,52].
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Level and core factor Synthesized role
  B4. Tone and framing Autonomy-supportive, motivational, emotionally supportive, nondirective, and appropriately warm or

authoritative framing, including suggestion-based rather than command-based communication [18,27,43,
46,47,50].

  B5. Variety/novelty Diversity, novelty, and avoidance of repetitive recommendation content to reduce fatigue and sustain
interest over repeated use [18,19,47,48].

Individual states and capacities
  C1. Trust and verification Conditional trust, credibility judgments, privacy concerns, authenticity concerns, expert-review

expectations, and users’ need to verify AI-generated recommendations before relying on them [19,27,40,
47,50,52].

  C2. Value appraisal and motivation Cost-benefit value appraisal, motivational readiness, habitual routines, and willingness to try or follow
suggested actions [26,40].

  C3. Capability and disclosure Prompt literacy, technological literacy, communication ability, accessibility needs, and willingness to
disclose personal or sensitive context needed for tailored recommendations [19,26,27,50].

Contextual constraints
  D1. Feasibility constraints Practical limits related to time, cost, resources, availability, facilities, location, accessibility, health status,

travel, illness, deadlines, and other life circumstances [18,26,27].
  D2. Social and cultural constraints Family responsibilities, decision agency, social endorsement, cultural values, and social or cultural

expectations shaping whether recommendations fit user’s lived context [19,26,43].

System Capabilities
Acceptability and adoption were more consistently suppor-
ted when systems enabled dynamic updating or iterative
refinement of recommendations based on feedback, goals,
abilities, user profiles, preferences, interaction histories,
constraints, and context, rather than static outputs or
insufficiently tailored recommendations [18,19,28,38,39,46-
48,51,52]. In contrast, one study suggested no statisti-
cally significant relationship between personalization and
acceptance [40].

Interaction design and user control, such as elicitation
or clarification flows, low-burden input, customization,
refinement options, style or tone adjustability, user say
in plan refinement, configurable or cautious automation
modes, and override or frequency controls, were repeatedly
framed as reducing friction and supporting acceptability
and adoption [18,27,41,43,44,46,47,50,52], whereas limited
refinement, insufficient follow-up support, and inadequate
context elicitation were discussed as barriers [18,44,46,47].

Tracking or progress features, including summaries,
rewards, reminders, monitoring feedback, and wearable-based
feedback loops, were described as facilitating acceptability
and adoption [18,27,43,49]. Finally, system dependability
(stability, data access, platform credibility, and measure-
ment accuracy) and constraint or privacy transparency were
treated as prerequisites for reliable reliance, shaping whether
users could appropriately interpret outputs and decide what
to act on [18,40,41,43,44,52]. Separately, a system-architec-
ture comparison (multi-LLM vs single-LLM) reported no
significant effect [45].

As shown in Figure 4, system-level evidence included the
strongest experimental or comparative support for person-
alization and adaptation, whereas interaction or control,
boundary transparency, tracking or progress, and dependa-
bility were supported mainly by qualitative or formative
evidence.

Content Properties
Across studies, evaluations centered on whether outputs
achieved fit and relevance to goals, preferences, constraints,
cultural context, and domain needs, where mismatches were
described as impairing acceptability and adoption [19,27,41,
44,46,47,49,50,52].

Actionability and presentation, including concrete steps,
structured formats, multimodal aids, specific feedback,
visual demonstrations, and detailed implementation guidance,
were repeatedly linked to positive perception and enact-
ment likelihood, while text-only or underspecified guidance
weakened acceptability and adoption [18,19,27,41,44,46,47,
50].

For content quality, coherence or interpretability, and
justification cues emerged as salient factors. Specifically,
ablation evidence showed that removing structured prompt-
ing or constraint components reduced coherence or inter-
pretability and satisfaction [28], and qualitative accounts
reported lower confidence when outputs were inconsistent,
inaccurate, lacked source or verification cues, showed unclear
goal understanding, provided insufficient rationale, or raised
safety-related concerns [18,19,27,46,52].

Tone or framing also mattered, with autonomy-supportive,
nonimposing preferred, emotionally supportive, suggestion-
based, teacher-like, copilot, or assistant framing described as
most acceptable when paired with actionable guidance [18,
27,43,46,47,50]. Variety or novelty was linked to acceptabil-
ity, while repetitiveness and novelty decay were discussed as
fatigue-related barriers [18,19,47,48].

Figure 4 shows that content-level factors were suppor-
ted predominantly by qualitative or formative evidence
across fit or relevance, actionability or presentation, content
quality, tone or framing, and variety or novelty, with limited
experimental or comparative, or statistical or model-based
evidence for selected content factors.
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Individual States and Capacities
Trust-related factors emerged as proximal factors, including
conditional trust and the need for verification, and privacy-
related uncertainty [19,47,52]. Notably, greater technological
literacy did not necessarily translate into uncritical reliance;
technologically confident users could remain skeptical and
prefer to independently verify AI-generated recommendations
before acting on them [50]. In addition, one study empiri-
cally tested a mediation pathway from perceived value to
skepticism to acceptance [40]. Value appraisal and motiva-
tional or habitual readiness were treated as near-term drivers
of adoption. Intention to follow recommendations showed a
positive association with adoption, while low motivation or
habits constrained follow-through [26,40]. Prompt literacy
barriers and willingness to disclose sensitive information
were described as shaping whether sufficient usable context
was provided during interaction, with downstream implica-
tions for acceptability and adoption [19,26,27]. Structured
guidance could help users with lower technological liter-
acy express needs and engage with recommendations more
confidently [50].

As shown in Figure 4, individual-level factors included
more statistical or model-based evidence than other lev-
els, particularly for trust or verification, value appraisal or
motivation, and capability or disclosure, although qualitative
or formative evidence also contributed to trust and disclosure-
related factors.

Contextual Constraints
Enactment was consistently bounded by feasibility constraints
(resources, time, facilities, and life events), which limited
uptake even when recommendations were perceived as
relevant [18,26,27]. Social and cultural constraints (family
responsibility, decision agency, cultural values, and endorse-
ment cues) further shaped the real-world conditions under
which recommendations could be adopted [19,26,43].

Figure 4 shows that contextual constraints were supported
mainly by qualitative or formative evidence, indicating that
these factors were typically identified through users’ accounts
of feasibility, social, and cultural barriers rather than through
quantitative testing.

In summary, Figure 4 shows that qualitative or for-
mative evidence supported most factor groups, whereas
experimental or comparative and statistical or model-based
evidence were concentrated in fewer areas. This distribu-
tion supports interpreting the factor map as a synthesis of
evidence-informed conditions shaping recommendation-level
acceptability and adoption, rather than as confirmed causal
determinants.
Theoretical Grounding and Framework
Used Across Studies
Across the included studies, explicit theoretical or strategy
lenses were used in a minority of cases and typically served to

structure interpretation, content coding, or design derivation
rather than to test a full causal theory of adoption. Two
studies articulated psychological mechanism accounts linking
intermediate perceptions to acceptability-related intentions:
Phan et al [40] drew on Integrated Fear Acquisition Theory
to position consumer skepticism as an affectively grounded
resistance mechanism, modeling how perceived platform
credibility and perceived value reduce skepticism and thereby
increase intention to engage, while perceived personalization
or relevance showed nonsignificant effects. Liang et al [26]
applied the Bandura self-efficacy perspective post hoc to
interpret the observed association between intention to follow
recommendations and subsequent adherence.

Five studies applied strategy-oriented lenses to character-
ize recommendation content and derive actionable impli-
cations: Ataguba and Orji [19] and Ataguba et al [27]
organized formative evaluation around persuasive-strategy
features (discussed via Persuasive Systems Design strategies),
Wang et al [18] used the Theoretical Domains Framework to
select chatbot-deliverable BCTs and assess strategy cover-
age in generated interactions, and Meywirth [46] explicitly
used Persuasive Systems Design to derive autonomy-sup-
portive, nonimposing recommendation principles. Gao et al
[50] used a theory-informed persona-based persuasive design
approach, combining health behavior change, personality,
empathy-based design, and persuasion-matching principles to
guide culturally sensitive persona construction and recom-
mendation framing. The remaining studies did not report an
explicit theory or framework and instead relied on study-spe-
cific assumptions, formative user needs work, and domain
knowledge from prior literature.

Discussion
Principal Findings
This scoping review synthesized evidence from 21 studies
examining the acceptability and adoption of AI-generated
lifestyle intervention recommendations in user-facing systems
used by end users. The included studies varied in system
format, core AI method, data inputs, knowledge source,
and delivery channel or interface across lifestyle domains,
but most evidence remained concentrated on short-term,
formative, or self-reported evaluations. Acceptability was
primarily represented by users’ perceptions or appraisals of
the recommended content, whereas adoption was represented
by intention, in-study uptake, or short-term enactment, with
limited evidence on sustained enactment. Factors shaping
acceptability and adoption clustered across system capabili-
ties, content properties, individual states and capacities, and
contextual constraints. These findings informed the integra-
tive framework in Figure 5, which organizes the mapped
evidence as a perception-intention-enactment pathway shaped
by upstream system, content, user, and contextual conditions.
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Figure 5. Integrative framework of acceptability and adoption of AI-generated lifestyle intervention recommendations. The framework was
synthesized from the outcome mapping and multilevel factor synthesis of included studies. System capabilities, content properties, and individual
evaluative states are shown as upstream components that jointly shape the acceptability and adoption pathway. Capability and disclosure are
displayed as pathway-conditioning factors: input capability and disclosure condition recommendation construction, whereas technology literacy and
verification orientation condition appraisal, trust, and verification. Contextual constraints are shown as boundary conditions that may constrain the
pathway as a whole, especially the translation from intention to enactment. BCTs and persuasive strategies are positioned within content properties
because they are delivered through recommendation content. Solid arrows indicate synthesized conceptual influences; dashed arrows indicate
conditioning or constraining influences. Arrows represent evidence-informed conceptual relationships and do not imply confirmed causal effects. AI:
artificial intelligence; BCT: behavior change technique.
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Interpretation and Comparison With Prior
Work

Interpretation of the Integrative Framework
Figure 5 should be read as an evidence-informed conceptual
synthesis rather than a tested causal model [54]. Whereas
broader health care AI acceptance reviews have synthesized
factors associated with acceptance or use of AI systems
and technologies [20,21], this framework shifts attention to
the specific AI-generated recommendation content that users
appraise, intend to follow, or enact. The framework suggests
that system capabilities, content properties, and individual
evaluative states jointly shape the perception-intention-enact-
ment pathway, while also influencing one another [26,46,
50]. System capabilities may shape recommendation content
through personalization, adaptation, elicitation, and iterative
refinement, and may shape user states through interaction
design, user control, dependability, and transparent delivery
[19,43,51]. Content properties may then shape user states and
appraisal through fit, actionability, explainability, framing,
and novelty [19,46,52]. In this structure, BCTs and persuasive
strategies are positioned within content properties because
they are delivered through the recommendation content,
rather than treated as a separate factor domain [18,27,50].

Capability and disclosure are shown as pathway-condition-
ing factors because they influence the translation between
layers, not merely users’ postexposure evaluations [26,27,
40,50]. Input capability and disclosure condition whether
system capabilities can become personalized recommendation
content by shaping how users communicate goals, preferen-
ces, constraints, and sensitive context [19,26,27]. Technology
literacy and verification orientation condition how recommen-
dation content is interpreted, questioned, trusted, or verified
[40,50,52]. Contextual constraints are positioned as boundary
conditions because they may shape how system capabilities,
content properties, and individual evaluative states translate
into acceptability and adoption outcomes and may also
constrain transitions within the outcome pathway, especially
from intention to enactment [18,26,43]. Therefore, enactment
in this framework indicates recommendation adoption only
when linked to AI-generated recommendation content, not
general intervention effectiveness [22].

Interpreting the Findings Through Existing
Theories and Research
Existing technology acceptance theories help explain why
system capabilities emerged as important in this review.
The Technology Acceptance Model emphasizes perceived
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usefulness and perceived ease of use as determinants of
information technology acceptance [55], while the Unified
Theory of Acceptance and Use of Technology also identi-
fies expected performance and effort as important factors
shaping technology use [56]. These constructs help inter-
pret system-level findings in this review, including personal-
ization, low-burden interaction, user control, dependability,
and transparent delivery [19,43,51]. However, AI-generated
lifestyle recommendations require users to appraise not only
whether a system is useful or usable, but also whether
specific generated recommendations are relevant, actionable,
explainable, appropriately framed, and sufficiently varied to
support continued engagement [19,46,52]. This distinction
explains why content properties were integrated into the
recommendation process, because continued system use does
not necessarily mean that users accept, trust, or enact the
specific AI-generated recommendations they receive [26,40,
50].

HCI and human-AI interaction perspectives further help
explain the interaction and content layers of the framework.
Human-AI interaction guidelines emphasize setting appropri-
ate expectations, supporting efficient interaction, enabling
user control, and helping users understand system capabil-
ities and limitations [57]. These concerns align with the
mapped importance of interaction burden, refinement options,
transparency, explanation quality, and boundary-condition
communication [18,43,46]. Prior work on AI literacy also
supports treating capability and disclosure as pathway-condi-
tioning factors, because AI literacy involves competencies for
understanding, critically evaluating, and effectively interact-
ing with AI systems [58]. In this review, these capacities
appeared in applied forms, including input capability, prompt
or technology literacy, willingness to disclose context, and
verification orientation [19,26,27,50].

Finally, behavior change theory helps explain why
recommendation-level acceptability and adoption should be
understood as a system-content-user-context process rather
than as an attitude toward AI alone. The COM-B model
explains behavior (B) as arising from the interaction of
capability (C), opportunity (O), and motivation (M) [23],
while suggesting AI-specific extensions. In this evidence
base, capability extends beyond lifestyle-related skills to
include interaction-related abilities, such as prompt literacy
and providing information that enables meaningful person-
alization [19,26,27,50]. Opportunity is shaped not only by
external environments but also by the interaction environment
created by AI systems, including interaction burden, adaptive
updating, timing, and availability of alternatives under
constraints [18,43,46,51]. Motivation incorporates AI-specific
processes such as trust calibration, perceived autonomy
support, and engagement dynamics related to novelty,
fatigue, and perceived control [19,46,50,52]. Together, these
observations suggest that acceptability and adoption depend
on how users interact with and interpret AI systems over time
and how system-mediated conditions expand or constrain
feasible action.

Implications for System Design and User
Evaluation Research
The framework suggests that AI-generated lifestyle recom-
mendation systems should support the whole recommendation
process, rather than only produce plausible advice. At the
system level, guided elicitation, low-burden input, refinement
options, user control, and transparent boundary cues may
help users provide information needed for personalization
while maintaining autonomy and calibrated trust [18,43,46].
Such guidance may be particularly important for users with
lower technological literacy, for whom structured interaction
can support need expression and more confident engagement
with recommendations [50]. At the content level, recommen-
dations should be concrete, context-sensitive, explainable,
appropriately framed, and sufficiently varied to remain useful
over repeated use [46,52]. As contextual constraints may
limit the translation from favorable appraisal to enactment,
systems should also support feasible alternatives, graded
plans, and adaptive revisions when recommendations do not
fit users’ time, resources, health status, family responsibili-
ties, or cultural expectations [26,43].

Additionally, the framework can be used as a planning
tool for future studies of acceptability and adoption in three
ways. First, it can guide pathway testing by helping research-
ers specify whether they are examining system-to-content
pathways, content-to-appraisal pathways, or transitions from
appraisal to intention and enactment [46,51]. Second, it can
guide mechanism and moderator selection by identifying
candidate mechanisms such as perceived fit, actionability,
trust calibration, perceived value, and autonomy support,
as well as moderators such as input capability, disclosure
willingness, AI or technology literacy, verification orienta-
tion, and contextual constraints [50,52]. Third, it can guide
outcome selection by aligning measures with the percep-
tion-intention-enactment pathway, so that studies distinguish
users’ appraisal of AI-generated recommendation content,
intention to follow it, and actual uptake or enactment.
This distinction is important because recommendation-level
acceptability and adoption are not equivalent to interven-
tion effectiveness, but they are proximal conditions through
which AI-generated lifestyle recommendations can plausibly
contribute to downstream behavior change [22,26]. This use
of the framework can help future studies move from broad
claims about AI acceptance and adoption toward more precise
explanations of why users accept or adopt AI-generated
lifestyle recommendations.
Research Gaps and Future Directions
Several gaps remain across the evidence base. First, outcomes
were measured unevenly along the perception-intention-
enactment pathway. Proximal perceptions and intentions were
common, whereas behavioral enactment was rarely assessed,
limiting inference about whether favorable perceptions
translate into concrete recommendation adoption [22,26].
Although limited evidence suggests that intention may predict
short-term enactment and self-efficacy offers a plausible lens
for intention-enactment translation [26], complete pathways
linking system- and content-level features to enactment via

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 14
(page number not for citation purposes)

https://www.jmir.org/2026/1/e93573


intermediate psychological mechanisms are rarely specified
and empirically tested [40,50]. Second, explicit theoretical
grounding was uncommon and was more often used to
structure interpretation, content coding, or design derivation
than to specify and test causal models [18,27,46,50]. Third,
many studies did not report empirically justified sample
size decisions or statistical power, limiting confidence in
effect estimates and cumulative comparison across studies
[26,45]. Finally, recruitment often favored motivated and
digitally literate users, which may overestimate acceptability
and constrain generalizability [19,26,44].

Future research should strengthen both behavioral outcome
measurement and theory development for the acceptability
and adoption of AI-generated lifestyle recommendations.
Studies should more consistently assess adoption-related
outcomes, including intention to follow, in-study uptake,
and short-term enactment, ideally combining self-report
with objective or trace-based measures, such as accelerom-
etry, logged dietary behaviors, or system-recorded execu-
tion markers, to mitigate recall and social desirability
biases [59]. In parallel, the field would benefit from theory-
driven, testable models integrating behavioral science [60]
(eg, COM-B, self-efficacy, persuasion, and behavior change
frameworks) with HCI or computing approaches [57], and
from designs powered to evaluate hypothesized mechanisms.
Broader recruitment and attention to differential capability
and context will be important for generalizability [61].
Limitations of This Review
This review has several limitations. First, variability in
study designs, systems, and outcome measures limited
direct comparability across studies and precluded quantitative
synthesis. Second, inclusions were restricted to English-lan-
guage records and a defined set of databases, so relevant
studies, particularly those in gray literature or evaluations
reported outside indexed venues, may have been missed.
Third, the narrow eligibility criteria improved interpretabil-
ity but may limit generalizability to hybrid systems that
combine AI-generated recommendations with human review,
rule-based safeguards, or predefined expert or guideline
content. Fourth, because we restricted inclusion to user-facing
systems with real user use, early-stage design-only work

was excluded. While this improves ecological relevance,
it may underrepresent emerging concepts and novel interac-
tion designs. Together, these scope decisions, alongside the
emerging nature of AI-generated lifestyle recommendation
research, likely reduced the number of eligible studies and
limited the breadth of systems represented. Finally, consis-
tent with the purpose of a scoping review, we mapped
and integrated concepts and evidence rather than estimat-
ing pooled effects or testing causal pathways. Therefore,
the proposed framework should be considered preliminary
and evidence-informed and should be refined through future
empirical testing.
Conclusions
This review extends prior AI and digital health reviews by
shifting attention from whether AI systems can generate
lifestyle advice to whether users accept and adopt the specific
recommendations they receive. The synthesis showed that
this process is shaped by four linked questions: whether
AI systems can generate and deliver recommendations that
reflect users’ goals and constraints; whether the resulting
content is relevant, actionable, credible, and appropriately
framed; whether users can appraise, verify, and engage with
the recommendation process; and whether real-world contexts
allow recommendations to be taken up or enacted. The
integrative framework developed in this review provides a
structure for studying these processes across the perception-
intention-enactment pathway. It can support future research
by clarifying which pathways, mechanisms, moderators, and
outcomes should be tested, and can support system design by
identifying where recommendation processes may fail. Future
work should use more diverse samples, stronger theory-driven
designs, and behavioral or trace-based measures to deter-
mine when, for whom, and under what conditions AI-gen-
erated lifestyle recommendations can become acceptable
and adoptable in everyday life. By integrating implementa-
tion outcomes, behavioral theory, and human-AI interaction
perspectives, this review provides a foundation for mov-
ing AI-generated lifestyle recommendations from technically
plausible outputs toward user-centered, context-sensitive, and
behaviorally actionable support.

Acknowledgments
The authors declare the use of generative artificial intelligence (GenAI) during manuscript preparation. According to the
GAIDeT (Generative Artificial Intelligence Delegation Taxonomy), the following task was delegated to a GenAI tool under
full human supervision: proofreading and editing. The GenAI tool used was ChatGPT-5 (OpenAI). ChatGPT-5 was used only
for English-language proofreading and editing. All authors reviewed and approved this paper and take full responsibility for its
content. GenAI tools are not listed as authors and do not bear responsibility for the outcomes.
Funding
This work was partially supported by the Health and Medical Research Fund (HMRF), Health Bureau, Hong Kong SAR
(22232221). The funder had no role in this study's design; data collection, analysis, or interpretation; writing of the manuscript;
or the decision to submit this paper for publication.
Data Availability
The datasets generated and analyzed during this study are reported in the paper and Multimedia Appendix 1.

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 15
(page number not for citation purposes)

https://www.jmir.org/2026/1/e93573


Authors’ Contributions
Conceptualization: MM, SZ, PWCL
Data curation: MM, TS
Formal analysis: MM, TS
Methodology: MM
Project administration: PWCL
Supervision: PWCL
Writing – original draft: MM, TS
Writing – review & editing: SZ, LS, PWCL
Conflicts of Interest
None declared.
Multimedia Appendix 1
Search strategies, full-text exclusions, and system-characteristic coding.
[DOCX File (Microsoft Word File), 100 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Item-level Mixed Methods Appraisal Tool.
[XLSX File (Microsoft Excel File), 50 KB-Multimedia Appendix 2]

Checklist 1
PRISMA-ScR Checklist.
[DOCX File (Microsoft Word File), 28 KB-Checklist 1]

Checklist 2
PRISMA-S Search Reporting Details.
[DOCX File (Microsoft Word File), 18 KB-Checklist 2]
References
1. Bennett JE, O’Driscoll ON, Stevens GA. Benchmarking progress in non-communicable diseases: a global analysis of

cause-specific mortality from 2001 to 2019. Lancet. Sep 20, 2025;406(10509):1255-1282. [doi: 10.1016/S0140-
6736(25)01388-1] [Medline: 40945529]

2. Invisible numbers: the true extent of noncommunicable diseases and what to do about them. World Health Organization;
Sep 15, 2022. URL: https://iris.who.int/server/api/core/bitstreams/33824126-cf22-4365-a7ec-ff24fbdf9ebb/content
[Accessed 2026-06-19]

3. Wang H, Song Y, Ma J, et al. Burden of non-communicable diseases among adolescents and young adults aged 10-24
years in the South-East Asia and Western Pacific regions, 1990-2019: a systematic analysis for the Global Burden of
Disease Study 2019. Lancet Child Adolesc Health. Sep 2023;7(9):621-635. [doi: 10.1016/S2352-4642(23)00148-7]
[Medline: 37524095]

4. Peng W, Chen S, Chen X, et al. Trends in major non-communicable diseases and related risk factors in China
2002-2019: an analysis of nationally representative survey data. Lancet Regional Health West Pac. Feb 2024;43:100809.
[doi: 10.1016/j.lanwpc.2023.100809] [Medline: 38456095]

5. Sun X, Yon DK, Nguyen TT, et al. Dietary and other lifestyle factors and their influence on non-communicable diseases
in the Western Pacific region. Lancet Regional Health West Pac. Feb 2024;43:100842. [doi: 10.1016/j.lanwpc.2023.
100842] [Medline: 38456094]

6. Rutters F, den Braver NR, Lakerveld J, et al. Lifestyle interventions for cardiometabolic health. Nat Med. Dec
2024;30(12):3455-3467. [doi: 10.1038/s41591-024-03373-0] [Medline: 39604492]

7. Silva CC, Presseau J, van Allen Z, et al. Effectiveness of interventions for changing more than one behavior at a time to
manage chronic conditions: a systematic review and meta-analysis. Ann Behav Med. May 23, 2024;58(6):432-444. [doi:
10.1093/abm/kaae021] [Medline: 38721982]

8. Deslippe AL, Soanes A, Bouchaud CC, et al. Barriers and facilitators to diet, physical activity and lifestyle behavior
intervention adherence: a qualitative systematic review of the literature. Int J Behav Nutr Phys Act. Feb 14,
2023;20(1):14. [doi: 10.1186/s12966-023-01424-2] [Medline: 36782207]

9. Mair JL, Salamanca-Sanabria A, Augsburger M, et al. Effective behavior change techniques in digital health
interventions for the prevention or management of noncommunicable diseases: an umbrella review. Ann Behav Med.
Sep 13, 2023;57(10):817-835. [doi: 10.1093/abm/kaad041] [Medline: 37625030]

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 16
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app2.xlsx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app2.xlsx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app3.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app3.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app4.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e93573_app4.docx
https://doi.org/10.1016/S0140-6736(25)01388-1
https://doi.org/10.1016/S0140-6736(25)01388-1
http://www.ncbi.nlm.nih.gov/pubmed/40945529
https://iris.who.int/server/api/core/bitstreams/33824126-cf22-4365-a7ec-ff24fbdf9ebb/content
https://doi.org/10.1016/S2352-4642(23)00148-7
http://www.ncbi.nlm.nih.gov/pubmed/37524095
https://doi.org/10.1016/j.lanwpc.2023.100809
http://www.ncbi.nlm.nih.gov/pubmed/38456095
https://doi.org/10.1016/j.lanwpc.2023.100842
https://doi.org/10.1016/j.lanwpc.2023.100842
http://www.ncbi.nlm.nih.gov/pubmed/38456094
https://doi.org/10.1038/s41591-024-03373-0
http://www.ncbi.nlm.nih.gov/pubmed/39604492
https://doi.org/10.1093/abm/kaae021
http://www.ncbi.nlm.nih.gov/pubmed/38721982
https://doi.org/10.1186/s12966-023-01424-2
http://www.ncbi.nlm.nih.gov/pubmed/36782207
https://doi.org/10.1093/abm/kaad041
http://www.ncbi.nlm.nih.gov/pubmed/37625030
https://www.jmir.org/2026/1/e93573


10. Yousefi F, Naye F, Ouellet S, et al. Artificial intelligence in health promotion and disease reduction: rapid review. J Med
Internet Res. Aug 1, 2025;27:e70381. [doi: 10.2196/70381] [Medline: 40788006]

11. An R, Shen J, Wang J, Yang Y. A scoping review of methodologies for applying artificial intelligence to physical
activity interventions. J Sport Health Sci. May 2024;13(3):428-441. [doi: 10.1016/j.jshs.2023.09.010] [Medline:
37777066]

12. Zaleski AL, Berkowsky R, Craig KJT, Pescatello LS. Comprehensiveness, accuracy, and readability of exercise
recommendations provided by an AI-based chatbot: mixed methods study. JMIR Med Educ. Jan 11, 2024;10:e51308.
[doi: 10.2196/51308] [Medline: 38206661]

13. Xu Y, Liu Q, Pang J, et al. Assessment of personalized exercise prescriptions issued by ChatGPT 4.0 and intelligent
health promotion systems for patients with hypertension comorbidities based on the transtheoretical model: a
comparative analysis. J Multidiscip Healthcare. 2024;17(null):5063-5078. [doi: 10.2147/JMDH.S477452] [Medline:
39539514]

14. Bayram HM, Arslan S. Nutritional analysis of AI-generated diet plans based on popular online diet trends. J Food
Compos Anal. Sep 2025;145:107850. [doi: 10.1016/j.jfca.2025.107850]

15. Aggarwal A, Tam CC, Wu D, Li X, Qiao S. Artificial intelligence-based chatbots for promoting health behavioral
changes: systematic review. J Med Internet Res. Feb 24, 2023;25:e40789. [doi: 10.2196/40789] [Medline: 36826990]

16. Reis M, Reis F, Kunde W. Influence of believed AI involvement on the perception of digital medical advice. Nat Med.
Nov 2024;30(11):3098-3100. [doi: 10.1038/s41591-024-03180-7] [Medline: 39054373]

17. Ntoumanis N, Ng JYY, Prestwich A, et al. A meta-analysis of self-determination theory-informed intervention studies in
the health domain: effects on motivation, health behavior, physical, and psychological health. Health Psychol Rev. Jun
2021;15(2):214-244. [doi: 10.1080/17437199.2020.1718529] [Medline: 31983293]

18. Wang X, Griffith J, Adler DA, Castillo J, Choudhury T, Wang F. Exploring personalized health support through data-
driven, theory-guided llms: a case study in sleep health. Presented at: CHI ’25: Proceedings of the 2025 CHI Conference
on Human Factors in Computing Systems; Apr 26 to May 1, 2025; Yokohama Japan. [doi: 10.1145/3706598.3713852]

19. Ataguba G, Orji R. Exploring large language models for personalized recipe generation and weight-loss management.
ACM Trans Comput Healthcare. Apr 30, 2025;6(2):1-57. [doi: 10.1145/3712709]

20. Shi H, Huang J, Yang J, Han M. Barriers and facilitators to patient acceptance of artificial intelligence in health care:
systematic review. J Med Internet Res. May 8, 2026;28:e80581. [doi: 10.2196/80581] [Medline: 42101346]

21. Liu Y, Liu C, Zheng J, Xu C, Wang D. Improving explainability and integrability of medical AI to promote health care
professional acceptance and use: mixed systematic review. J Med Internet Res. Aug 7, 2025;27:e73374. [doi: 10.2196/
73374] [Medline: 40773743]

22. Proctor E, Silmere H, Raghavan R, et al. Outcomes for implementation research: conceptual distinctions, measurement
challenges, and research agenda. Adm Policy Ment Health. Mar 2011;38(2):65-76. [doi: 10.1007/s10488-010-0319-7]
[Medline: 20957426]

23. Michie S, van Stralen MM, West R. The behaviour change wheel: a new method for characterising and designing
behaviour change interventions. Implement Sci. Apr 23, 2011;6(1):42. [doi: 10.1186/1748-5908-6-42] [Medline:
21513547]

24. Lai X, Lai Y, Chen J, Huang S, Gao Q, Huang C. Evaluation strategies for large language model-based models in
exercise and health coaching: scoping review. J Med Internet Res. Oct 14, 2025;27:e79217. [doi: 10.2196/79217]
[Medline: 41086432]

25. Dong X, Yun B, Pakarinen A, et al. Diet-related health recommender systems for patients with chronic health conditions:
scoping review. J Med Internet Res. Jan 14, 2026;28:e77726. [doi: 10.2196/77726] [Medline: 41540880]

26. Liang M, Wang J, Luo Y. SmartEats: investigating the effects of customizable conversational agent in dietary
recommendations. In: Luo Y, editor. Presented at: CUI ’25; Jul 8-10, 2025; Waterloo, ON, Canada. Jul 8, 2025.[doi: 10.
1145/3719160.3736635]

27. Ataguba G, Oyebode O, Orji F, Clinton Henry K, Orji R. Persuasion and behavior change in chatgpt-based dietary
management. Presented at: 2025 IEEE Conference on Serious Games and Applications for Health (SeGAH); Aug 6-8,
2025; Manchester, United Kingdom. [doi: 10.1109/SeGAH65397.2025.11168440]

28. Liu L, Zhang S, Chen M, Shi X, Li G. KG-dietnet: a personalized dietary recommendation system based on knowledge
graphs and large language models. In: Li G, editor. Presented at: 2025 IEEE 12th Joint International Information
Technology and Artificial Intelligence Conference (ITAIC); May 23-25, 2025; Chongqing, China. [doi: 10.1109/
ITAIC64559.2025.11163033]

29. Rasouli S, Ghafurian M, Nilsen ES, Dautenhahn K. University students’ opinions on using intelligent agents to cope
with stress and anxiety in social situations. Comput Hum Behav. Apr 2024;153:108072. [doi: 10.1016/j.chb.2023.
108072]

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 17
(page number not for citation purposes)

https://doi.org/10.2196/70381
http://www.ncbi.nlm.nih.gov/pubmed/40788006
https://doi.org/10.1016/j.jshs.2023.09.010
http://www.ncbi.nlm.nih.gov/pubmed/37777066
https://doi.org/10.2196/51308
http://www.ncbi.nlm.nih.gov/pubmed/38206661
https://doi.org/10.2147/JMDH.S477452
http://www.ncbi.nlm.nih.gov/pubmed/39539514
https://doi.org/10.1016/j.jfca.2025.107850
https://doi.org/10.2196/40789
http://www.ncbi.nlm.nih.gov/pubmed/36826990
https://doi.org/10.1038/s41591-024-03180-7
http://www.ncbi.nlm.nih.gov/pubmed/39054373
https://doi.org/10.1080/17437199.2020.1718529
http://www.ncbi.nlm.nih.gov/pubmed/31983293
https://doi.org/10.1145/3706598.3713852
https://doi.org/10.1145/3712709
https://doi.org/10.2196/80581
http://www.ncbi.nlm.nih.gov/pubmed/42101346
https://doi.org/10.2196/73374
https://doi.org/10.2196/73374
http://www.ncbi.nlm.nih.gov/pubmed/40773743
https://doi.org/10.1007/s10488-010-0319-7
http://www.ncbi.nlm.nih.gov/pubmed/20957426
https://doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/pubmed/21513547
https://doi.org/10.2196/79217
http://www.ncbi.nlm.nih.gov/pubmed/41086432
https://doi.org/10.2196/77726
http://www.ncbi.nlm.nih.gov/pubmed/41540880
https://doi.org/10.1145/3719160.3736635
https://doi.org/10.1145/3719160.3736635
https://doi.org/10.1109/SeGAH65397.2025.11168440
https://doi.org/10.1109/ITAIC64559.2025.11163033
https://doi.org/10.1109/ITAIC64559.2025.11163033
https://doi.org/10.1016/j.chb.2023.108072
https://doi.org/10.1016/j.chb.2023.108072
https://www.jmir.org/2026/1/e93573


30. Munn Z, Peters MDJ, Stern C, Tufanaru C, McArthur A, Aromataris E. Systematic review or scoping review? Guidance
for authors when choosing between a systematic or scoping review approach. BMC Med Res Methodol. Nov 19,
2018;18(1):143. [doi: 10.1186/s12874-018-0611-x] [Medline: 30453902]

31. Peters MDJ, Godfrey C, McInerney P, Munn Z, Tricco AC, Khalil H. Scoping reviews. Aromataris E, Lockwood C,
Porritt K, Pilla B, Jordan Z, editors. JBI. Mar 27, 2024. URL: https://jbi-global-wiki.refined.site/space/MANUAL/
355862497/10.+Scoping+reviews [Accessed 2026-06-19]

32. Tricco AC, Lillie E, Zarin W, et al. PRISMA Extension for Scoping Reviews (PRISMA-ScR): Checklist and
explanation. Ann Intern Med. Oct 2, 2018;169(7):467-473. [doi: 10.7326/M18-0850] [Medline: 30178033]

33. Jin XL, Yin M, Zhou Z, Yu X. The differential effects of trusting beliefs on social media users’ willingness to adopt and
share health knowledge. Inf Process Manage. Jan 2021;58(1):102413. [doi: 10.1016/j.ipm.2020.102413]

34. Rethlefsen ML, Kirtley S, Waffenschmidt S, et al. PRISMA-S: an extension to the PRISMA Statement for Reporting
Literature Searches in Systematic Reviews. Syst Rev. Jan 26, 2021;10(1):39. [doi: 10.1186/s13643-020-01542-z]
[Medline: 33499930]

35. Ismatullaev UVU, Kim SH. Review of the factors affecting acceptance of AI-infused systems. Hum Factors. Jan
2024;66(1):126-144. [doi: 10.1177/00187208211064707] [Medline: 35344676]

36. Ouzzani M, Hammady H, Fedorowicz Z, Elmagarmid A. Rayyan-a web and mobile app for systematic reviews. Syst
Rev. Dec 5, 2016;5(1):210. [doi: 10.1186/s13643-016-0384-4] [Medline: 27919275]

37. Hong QN, Fàbregues S, Bartlett G, et al. The Mixed Methods Appraisal Tool (MMAT) version 2018 for information
professionals and researchers. EFI. 2018;34(4):285-291. [doi: 10.3233/EFI-180221]

38. Alcaraz-Herrera H, Cartlidge J, Toumpakari Z, Western M, Palomares I. EvoRecSys: evolutionary framework for health
and well-being recommender systems. User Model User-Adapted Interact. Nov 2022;32(5):883-921. [doi: 10.1007/
s11257-021-09318-3]

39. Doherty C, Lambe R, O’Grady B, et al. An evaluation of the effect of app-based exercise prescription using
reinforcement learning on satisfaction and exercise intensity: randomized crossover trial. JMIR mHealth uHealth. Nov
26, 2024;12:e49443. [doi: 10.2196/49443] [Medline: 39622712]

40. Phan TA, Nguyen THT, Nguyen C. “Hey AI, what should I eat?” Navigating skepticism and trust in AI-powered meal
recommendations through personalized persuasion. Int J Hum–Comput Interaction. Jun 18, 2026;42(12):9073-9085.
[doi: 10.1080/10447318.2025.2575098]

41. Goh HL, Sancenon V, Chu BMX, et al. Personalised health plan development using agentic AI in Singapore’s national
preventive care programme: a pilot study. NPJ Digit Med. Mar 9, 2026;9(1):332. [doi: 10.1038/s41746-026-02514-8]
[Medline: 41803278]

42. Liu X, Liu J. Assessing the feasibility, usability, acceptability, and efficacy of an AI chatbot for sleep promotion: quasi-
experimental study. JMIR Form Res. Feb 3, 2026;10:e84023. [doi: 10.2196/84023] [Medline: 41632970]

43. Jahn ET, Nunes SS, Bevilacqua R, et al. Different uses of LLM based digital health coaching devices for community-
dwelling older adults in europe and japan - lessons learned from an international research project. Presented at: C&T
2025; Jul 20-23, 2025:12-27; Siegen, Germany. [doi: 10.1145/3742800.3742851]

44. Larbi D, Løvas SE, Årsand E, Denecke K, Gabarron E, Henriksen A. Designing and testing a physical activity app with a
ChatGPT-based chatbot. Stud Health Technol Inf. May 15, 2025;327:1155-1159. [doi: 10.3233/SHTI250571]

45. Liang M, Luo Y. Exploring multi-LLM collaboration to power conversational recommender system: a case study of
dietary recommendation. In: Liang M, Luo Y, editors. Presented at: CUI ’25; Jul 8-10, 2025; Waterloo, ON, Canada. Jul
8, 2025.[doi: 10.1145/3719160.3737635]

46. Meywirth S, editor. Designing a large language model-based coaching intervention for lifestyle behavior change.
Presented at: Design Science Research for a Resilient Future: 19th International Conference on Design Science Research
in Information Systems and Technology, DESRIST 2024; Jun 3-5, 2024; Trollhättan, Sweden. [doi: 10.1007/978-3-031-
61175-9_6]

47. Neupane S, Dongre P, Gracanin D, Kumar S. Wearable meets LLM for stress management: a duoethnographic study
integrating wearable-triggered stressors and LLM chatbots for personalized interventions. Presented at: CHI EA ’25; Apr
26 to May 1, 2025; Yokohama, Japan. Apr 26, 2025.[doi: 10.1145/3706599.3720197]

48. Tragos E, O’Reilly-Morgan D, Geraci J, et al. Keeping people active and healthy at home using a reinforcement
learning-based fitness recommendation framework. Presented at: Thirty-Second International Joint Conference on
Artificial Intelligence {IJCAI-23}; Aug 19-25, 2023; Macau, SAR China. [doi: 10.24963/ijcai.2023/692]

49. R CV, H DI, K JGL, Sujihelen LK, Srividhya E, Jayanthi S. AI-powered parkinson’s wellness assistant featuring
physiotherapy guidance, diet management, and cognitive exercises 2026 contemporary computing innovations
conference (CCIC. Presented at: 2026 Contemporary Computing Innovations Conference (CCIC); Feb 6-7, 2026;
Tirupati, India. [doi: 10.1109/CCIC68129.2026.11486195]

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 18
(page number not for citation purposes)

https://doi.org/10.1186/s12874-018-0611-x
http://www.ncbi.nlm.nih.gov/pubmed/30453902
https://jbi-global-wiki.refined.site/space/MANUAL/355862497/10.+Scoping+reviews
https://jbi-global-wiki.refined.site/space/MANUAL/355862497/10.+Scoping+reviews
https://doi.org/10.7326/M18-0850
http://www.ncbi.nlm.nih.gov/pubmed/30178033
https://doi.org/10.1016/j.ipm.2020.102413
https://doi.org/10.1186/s13643-020-01542-z
http://www.ncbi.nlm.nih.gov/pubmed/33499930
https://doi.org/10.1177/00187208211064707
http://www.ncbi.nlm.nih.gov/pubmed/35344676
https://doi.org/10.1186/s13643-016-0384-4
http://www.ncbi.nlm.nih.gov/pubmed/27919275
https://doi.org/10.3233/EFI-180221
https://doi.org/10.1007/s11257-021-09318-3
https://doi.org/10.1007/s11257-021-09318-3
https://doi.org/10.2196/49443
http://www.ncbi.nlm.nih.gov/pubmed/39622712
https://doi.org/10.1080/10447318.2025.2575098
https://doi.org/10.1038/s41746-026-02514-8
http://www.ncbi.nlm.nih.gov/pubmed/41803278
https://doi.org/10.2196/84023
http://www.ncbi.nlm.nih.gov/pubmed/41632970
https://doi.org/10.1145/3742800.3742851
https://doi.org/10.3233/SHTI250571
https://doi.org/10.1145/3719160.3737635
https://doi.org/10.1007/978-3-031-61175-9_6
https://doi.org/10.1007/978-3-031-61175-9_6
https://doi.org/10.1145/3706599.3720197
https://doi.org/10.24963/ijcai.2023/692
https://doi.org/10.1109/CCIC68129.2026.11486195
https://www.jmir.org/2026/1/e93573


50. Gao B, Zeng Z, Yu Y, et al. “It seems to understand my heart”: an empirical study of persona-driven persuasive AI agent
for aging-in-place in singapore. Presented at: CHI ’26: Proceedings of the 2026 CHI Conference on Human Factors in
Computing Systems; Apr 13-17, 2026; Barcelona, Spain. [doi: 10.1145/3772318.3791422]

51. Gao F, Zhao X, Xia D, et al. HealthGenie: a knowledge-driven LLM framework for tailored dietary guidance. Presented
at: CIKM ’25: Proceedings of the 34th ACM International Conference on Information and Knowledge Management;
Nov 10-14, 2025:6639-6643; Seoul Republic of Korea. [doi: 10.1145/3746252.3761479]

52. Sheng Y, Li M, Yang L. AIGC-driven personalized traditional chinese medicine dietary therapy interactive system:
design and implementation. Presented at: ICADI ’25: Proceedings of the 2025 2nd International Conference on Artificial
Intelligence, Digital Media Technology and Interaction Design; Nov 28-30, 2025; Tianjin China. [doi: 10.1145/3795926.
3795952]

53. Tyagi V, Sharma V, Alam M, Baliyaan S. Smart wellness through conversational AI: building fitvore with Gemini for
personalized health coaching. In: Baliyaan S, editor. Presented at: 2025 2nd Global AI Summit - International
Conference on Artificial Intelligence and Emerging Technology (AI Summit); Nov 19-21, 2025; Noida, India. [doi: 10.
1109/AISummit66170.2025.11411641]

54. Pollock D, Peters MDJ, Khalil H, et al. Recommendations for the extraction, analysis, and presentation of results in
scoping reviews. JBI Evid Synth. Mar 1, 2023;21(3):520-532. [doi: 10.11124/JBIES-22-00123] [Medline: 36081365]

55. Davis FD. Perceived usefulness, perceived ease of use, and user acceptance of information technology. MIS Q. Sep 1,
1989;13(3):319-340. [doi: 10.2307/249008]

56. Venkatesh V, Morris MG, Davis GB, Davis FD. User acceptance of information technology: toward a unified view. MIS
Q. Sep 1, 2003;27(3):425-478. [doi: 10.2307/30036540]

57. Amershi S, Weld D, Vorvoreanu M, et al. Guidelines for human-AI interaction. Presented at: CHI ’19; May 4-9, 2019;
Glasgow, Scotland, UK. May 2, 2019.[doi: 10.1145/3290605.3300233]

58. Long D, Magerko B. What is AI literacy? Competencies and design considerations. Presented at: CHI ’20; Apr 25-30,
2020:1-16; Honolulu, HI. Apr 21, 2020.[doi: 10.1145/3313831.3376727]

59. Althubaiti A. Information bias in health research: definition, pitfalls, and adjustment methods. JMDH. 2016;9(null):211.
[doi: 10.2147/JMDH.S104807]

60. Davis R, Campbell R, Hildon Z, Hobbs L, Michie S. Theories of behaviour and behaviour change across the social and
behavioural sciences: a scoping review. Health Psychol Rev. Aug 7, 2015;9(3):323-344. [doi: 10.1080/17437199.2014.
941722]

61. Krukowski RA, Ross KM, Western MJ, et al. Digital health interventions for all? Examining inclusivity across all stages
of the digital health intervention research process. Trials. Jan 30, 2024;25(1):98. [doi: 10.1186/s13063-024-07937-w]
[Medline: 38291539]

Abbreviations:
AI: artificial intelligence
BCT: behavior change technique
COM-B: Capability, Opportunity, Motivation–Behavior model
HCI: human-computer interaction
JBI: Joanna Briggs Institute
LLM: large language model
MeSH: Medical Subject Headings
MMAT: Mixed Methods Appraisal Tool
NCD: noncommunicable disease
OSF: Open Science Framework
PA: physical activity
PCC: Population, Concept, and Context
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PRISMA-S: Preferred Reporting Items for Systematic Reviews and Meta-Analyses literature search extension
PRISMA-ScR: Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews

Edited by Stefano Brini; peer-reviewed by Grace Ataguba, Ilona Fridman, Maria Chatzimina, Qi Chwen Ong; submitted
15.Feb.2026; final revised version received 24.May.2026; accepted 04.Jun.2026; published 14.Jul.2026

Please cite as:
Ma M, Sui T, Zhou S, Shi L, Lau PWC

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 19
(page number not for citation purposes)

https://doi.org/10.1145/3772318.3791422
https://doi.org/10.1145/3746252.3761479
https://doi.org/10.1145/3795926.3795952
https://doi.org/10.1145/3795926.3795952
https://doi.org/10.1109/AISummit66170.2025.11411641
https://doi.org/10.1109/AISummit66170.2025.11411641
https://doi.org/10.11124/JBIES-22-00123
http://www.ncbi.nlm.nih.gov/pubmed/36081365
https://doi.org/10.2307/249008
https://doi.org/10.2307/30036540
https://doi.org/10.1145/3290605.3300233
https://doi.org/10.1145/3313831.3376727
https://doi.org/10.2147/JMDH.S104807
https://doi.org/10.1080/17437199.2014.941722
https://doi.org/10.1080/17437199.2014.941722
https://doi.org/10.1186/s13063-024-07937-w
http://www.ncbi.nlm.nih.gov/pubmed/38291539
https://www.jmir.org/2026/1/e93573


User Acceptability and Adoption of AI-Generated Lifestyle Intervention Recommendations: Scoping Review and Theoretical
Integration
J Med Internet Res 2026;28:e93573
URL: https://www.jmir.org/2026/1/e93573
doi: 10.2196/93573

©Mingjun Ma, Tiange Sui, Shuo Zhou, Lei Shi, Patrick W C Lau. Originally published in the Journal of Medical Internet
Research (https://www.jmir.org), 14.Jul.2026. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research
(ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original publication on https://
www.jmir.org/, as well as this copyright and license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Ma et al

https://www.jmir.org/2026/1/e93573 J Med Internet Res 2026 | vol. 28 | e93573 | p. 20
(page number not for citation purposes)

https://www.jmir.org/2026/1/e93573
https://doi.org/10.2196/93573
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/
https://www.jmir.org/2026/1/e93573

	User Acceptability and Adoption of AI-Generated Lifestyle Intervention Recommendations: Scoping Review and Theoretical Integration
	Introduction
	Methods
	Protocol and Registration
	Eligibility Criteria
	Information Sources
	Selection of Sources of Evidence
	Data Charting Process
	Data Items
	Critical Appraisal of Individual Sources of Evidence
	Synthesis of Results

	Results
	Study Selection
	Characteristics of Included Studies
	System Characteristics and Design Features
	Acceptability and Adoption Constructs and Measurement Approaches
	Perception
	Intention
	Enactment
	Formative or Contextual Evidence
	Factors Shaping Acceptability and Adoption
	System Capabilities
	Content Properties
	Individual States and Capacities
	Contextual Constraints
	Theoretical Grounding and Framework Used Across Studies

	Discussion
	Principal Findings
	Interpretation and Comparison With Prior Work
	Limitations of This Review
	Conclusions



