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Abstract

Introduction. Al-enabled nutrition includes predictive dietary personalisation, digital
lifestyle programmes and generated dietary advice.

Aim. To assess clinical outcomes of Al-enabled personalised nutrition in adults with
cardiometabolic risk and the accuracy and safety of generated dietary advice.

Materials and methods. Five bibliographic databases and two trial registries were
searched from inception to August 2026, with supplementary searches in Semantic Scholar,
medRxiv and selected web sources. Eligible interventions were digital tools in which artificial
intelligence, machine learning, a large language model or a conversational agent generated
individualised dietary, menu or meal recommendations. Clinical outcomes and generated-
advice accuracy were synthesised separately. Risk of bias was assessed using RoB 2, ROBINS-
| and an adapted QUADAS-2 instrument; certainty was evaluated with GRADE.

Results. The final working evidence inventory comprised 62 studies (64 reports): 26 in
the clinical domain and 36 in the accuracy domain. A machine-learning-guided diet reduced
HbA1c by 0.08 percentage points more than a Mediterranean diet at six months (95% CI, —0.14
to —0.02), whereas a separate personalised-diet trial did not improve six-month weight loss over
a low-fat diet (difference +1.05 percentage points of baseline weight; 95% CI, —0.40 to 2.50).
Personalised LLM prompting improved weight loss compared with manual ChatGPT
prompting, while an Al-based sodium programme did not improve salt intake or blood pressure.
A 368-participant trial met its prespecified noninferiority criterion for referral to an Al-led
rather than human-coached diabetes-prevention programme. Generated-advice studies reported
favourable expert ratings alongside nutrient and guideline discrepancies; complex profiles were
more challenging in an exploratory chatbot comparison.

Conclusion. Selected interventions improved specific outcomes, but a class-wide benefit
remains unestablished. Programme effects do not isolate the Al component, and favourable
content ratings do not establish nutritional adequacy or patient safety.

Key words: personalised nutrition, artificial intelligence, large language models,
cardiometabolic health, dietary advice, evidence synthesis.

Introduction. Al-enabled nutrition comprises interventions with different mechanisms.
A predictive model may rank meals according to expected postprandial glucose responses,
whereas a conversational system may generate menus, explanations or behavioural feedback.
Predictive personalisation, structured digital lifestyle programmes and open-ended language-
model advice should therefore not be interpreted as a single intervention class. Clinical trials
already show both an incremental glycaemic benefit and failure to demonstrate incremental
weight loss against active dietary comparators [1,2].

The comparator determines what a trial can identify. A comparison of an Al-enabled
package with usual care estimates the effect of the package, not necessarily the isolated
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contribution of Al. An active comparator can test the incremental value of personalisation more
directly. A noninferiority trial of referral to alternative delivery programmes asks a different
question again: whether a more scalable delivery option preserves an acceptable level of benefit

[3].

For generated dietary advice, effectiveness is preceded by a content-validity question.
Expert acceptability, nutrient adequacy, guideline concordance, reproducibility and observed
patient harm are not interchangeable constructs. Expert surveys, simulated-case evaluations and
retrieval-augmented benchmarks illustrate how strongly the conclusion can depend on the
reference standard used [4-6].

This review therefore separates clinical outcomes from the quality and safety of generated
dietary content. It also source-verifies the underlying evidence set and distinguishes what each
study design permits the reader to infer. The emphasis is on identifiable contrasts, verified
outcomes and explicit limits of inference rather than on a single verdict for all systems labelled
“Al”.

Materials and methods.

Ethical issues

This review used published literature and publicly available reports. No participants were
recruited, and no identifiable individual-level data were collected or analysed; therefore, ethics
committee approval was not required.

Review design and reporting framework

The review was registered in PROSPERO as CRD420261480490. Registration was
retrospective: searching and screening had already been completed and extraction was under
way when the record was submitted. A written protocol specifying the question, eligibility
criteria, search strategy and planned synthesis was prepared before screening. Amendments and
deviations are reported in the supplementary materials. Reporting follows the PRISMA 2020
statement, while SWiM informed the grouping and presentation of effect estimates when meta-
analysis was not appropriate [7,8].

Eligibility, outcomes and technology definition

The clinical population comprised adults with overweight or obesity, prediabetes, type 2
diabetes, metabolic syndrome, hypertension, dyslipidaemia or physician-defined elevated
cardiovascular risk. Results from mixed populations were attributed to this scope only when an
eligible subgroup was separable. Clinical designs included randomised, non-randomised and
prospective single-arm studies. Outcomes of interest were HbAlc, fasting glucose, body weight
or BMI, blood pressure and lipids, with dietary behaviour and engagement as secondary
outcomes.

The operational technology criterion required a learned model, language model or Al-
enabled system to contribute to personalised dietary or nutrition-related advice. An Al
component used only for image recognition, logging, risk prediction or data capture did not by
itself satisfy the narrow recommendation criterion. Fixed-rule, fuzzy-logic or ontology-only
personalisation was excluded under the team clarification. Where the technical role of Al
remained uncertain, the record was treated as a technology-boundary case rather than assumed
eligible.

The content domain comprised generated dietary or nutrition-management advice
assessed against an external clinical, nutrient, algorithmic or expert reference. Al-as-evaluator
studies and general health-management evaluations without a separable nutrition endpoint were
retained as contextual evidence rather than treated as direct demonstrations of generated-advice
accuracy.
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Information sources and source verification

The documentation reports searches of PubMed, Cochrane CENTRAL, Embase, Scopus
and Web of Science, together with ClinicalTrials.gov and WHO ICTRP, before August 2026.
It also describes an earlier supplementary search using bibliographic, preprint and web
channels. Search strings and source totals were inspected as supplied; the full database searches
were not rerun during the separate source-verification audit.

Targeted verification used exact titles, author names, DOI or PubMed identifiers from the
working evidence register and extraction sheets. Primary journal pages, indexed abstracts and
accessible full reports were checked to resolve outcome-bearing inconsistencies, publication
status, technical eligibility and companion reports. Evidence was labelled as full-report verified,
abstract/bibliographic verified, extraction-supported only, or unresolved. Lack of access was
not converted into a zero effect or an eligibility exclusion.

Data extraction, study linkage and audit procedures

Two reviewers screened the database-derived records and assessed full texts
independently, resolving disagreements by discussion. Supplementary records were initially
screened in a preliminary pass and subsequently rechecked. Full-text exclusions were assigned
one of eight prespecified codes: wrong population, non-Al intervention, Al not generating
dietary recommendations, ineligible design, no eligible outcome, unavailable full report,
duplicate or companion report, and ineligible publication type.

Data were extracted jointly in a consensus session. Extracted fields included population,
setting, intervention, Al type, model name and version, comparator, outcomes, effect estimates,
variance, analysis population, attrition, funding and author—sponsor relationships. Accuracy
extraction additionally recorded prompts or profiles, reference standards, rater qualifications,
blinding, scoring instruments, safety findings and repeated-generation procedures.

The audit checked workbook row counts, study identifiers, outcome definitions, units,
copied extraction content and internal cross-references. Numerical corrections were entered
only where supported by a primary source or a reproducible calculation from reported summary
values; no patient-level observations were reconstructed.

A report and a study were treated as different units. Confirmed companion reports were
linked rather than counted as independent replication. The Popp and Kharmats publications
were linked through the Personal Diet Study and NCT03336411; confirmed repeated reports
from the same commercial cohort were similarly linked. Shared platform, authorship or
sponsorship alone was not treated as proof of participant overlap [2,9].

Bias appraisal, prioritisation and synthesis

Risk of bias was assessed at report level. RoB 2 was used for randomised trials, ROBINS-
I for non-randomised clinical studies [10], and an instrument adapted from QUADAS-2 for
accuracy studies [11], because no validated tool specifically addresses Al-generated dietary
content. Two reviewers rated each assessable report and reconciled disagreements. Certainty of
clinical evidence was considered using GRADE. No automation tool was used for data
extraction or risk-of-bias assessment.

For the main synthesis, priority was given to comparator-based clinical trials and content
evaluations with an identifiable primary source. Full-report verification took precedence over
abstract-level or extraction-only evidence; lower-access evidence was retained when it
materially affected the direction or interpretation of the evidence and was explicitly labelled.
Clinical findings were grouped by outcome and comparator: active dietary personalisation,
multicomponent programmes, alternative Al configurations and referral-level noninferiority.
Content studies were grouped by the construct measured: guideline/nutrient concordance,
expert rating, multi-model performance, reproducibility and mitigation.
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No meta-analysis was performed. The source-qualified subset does not provide a fully
reconciled set of independent eligible contrasts, and the trials differ in population, intervention
content, comparator, endpoint and follow-up. Pooling selectively retrievable estimates would
add a source-availability problem to clinical heterogeneity. No pooled effect, I? statistic, funnel-
plot test or reconstructed correlation was calculated [8].

Results.

Evidence provenance and study flow

The five stated bibliographic source counts sum to 19,311, whereas 20,442 bibliographic
records are reported after removal of 1,173 non-bibliographic items from 21,615 imports. This
leaves 1,131 bibliographic records without a source-collection assignment. After removal of
6,418 duplicates, 14,024 records were screened. Subtracting 13,824 title/abstract exclusions
yields 200 reports sought for retrieval, consistent with Figure 1.

The full-text screening worksheet contains 200 rows: 69 marked included, 80 excluded
and 51 assigned to an ongoing-studies appendix. After re-adjudication and report-level linkage,
the final working evidence inventory comprised 62 studies (64 reports): 26 in the clinical-
outcome synthesis and 36 in the accuracy-domain synthesis [1-6,9,12-68]. The study-selection
pathway is shown in Figure 1.

Identification of studies via databases and registers Supplementary identification

Identification

Screening

Included
|

’
Studies included in review n = 62 (reports n = 64)
Clinkcal-outcome synthesis n = 26 Accuracy-domain synthesis n = 36

Figure 1. Audited study-selection flow structured according to PRISMA 2020.
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The review recorded 2 low-risk, 3 some-concerns and 19 high-risk overall judgements in
the clinical domain; the accuracy domain recorded 2 low-risk, 17 some-concerns and 7 high-
risk judgements. Figures 2 and 3 show the domain-level distribution.

Clinical-domain bias-appraisal summary

01 Randomisation/confounding (n=24) 17%
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Figure 2. Clinical-domain bias-appraisal summary. Percentages are calculated among
assessable recorded judgements in each domain. D1-D5 follow the harmonised author
worksheet; because it combines randomised and non-randomised designs, this is an audit
summary rather than a new canonical RoB 2 or ROBINS-I assessment.

Accuracy-domain methodological-appraisal summary
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Figure 3. Accuracy-domain methodological-appraisal summary. Percentages are calculated
among assessable recorded judgements; not-applicable entries are excluded from each domain
denominator. A1-A5 follow the author-developed QUADAS-2-informed instrument, which
has not been validated for this application.

The comparative clinical studies and their source-qualified outcome estimates are
summarised in Table 1.
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Table 1. Source-qualified comparative clinical evidence prioritised for synthesis.

Study / design Comparison Follow-up | Outcome | Effect estimate
Ben-Yacov 2021 | ML-personalised vs 6 mo HbAlc MD —0.08 pp (95% CI
[1]; RCT, n=225 | Mediterranean diet —0.14 to —0.02)
Popp 2022 [2]; | Personalised S 6 mo Weight MD  +1.05%  of
RCT, n=204 low-fat diet baseline weight (95%
CI—0.40 to 2.50)
Rein 2022 [12]; | Personalised VS 2 wk Mean -7.8  mg/dL; CI
crossover RCT, | Mediterranean diet glucose unavailable
n=23
Joshi 2023 [13]; | Digital-twin ly HbAlc Change —2.9 vs —0.3
RCT, n=319 | programme Vs pp; p<0.001
eligible standard care
Mohd Dan 2026 | Personalised 24 wk Weight Derived  descriptive
[14]; RCT, n=160 | prompting + contrast —3.8 kgt
ChatGPT vs manual
ChatGPT
Nakata 2022 [15]; | CALO mama Plus 3 mo Weight Adjusted MD —1.60 kg
RCT, n=141 VS no intervention (95% CI —2.83 to
—0.38)
Sato 2025 [16]; | Genetic profile + Al 3 mo Salt; SBP | Salt —0.2 g/d (0.7 to
three-arm  RCT, | app vs control 0.3); SBP —2.6 mmHg
n=312 (-8.7t0 3.4)
Mathioudakis Al-led vs human- 12 mo Composite | RD —0.20 pp; lower
2025 [3]; NI RCT, | coached DPP bound —8.2 pp; NI
n=368 referral margin —15 pp

Note: The —3.8 kg contrast is calculated from reported group weight-loss values at 24 weeks; uncertainty for that
derived between-group estimate was not available in the review materials. Cl — confidence interval; DPP —
Diabetes Prevention Program; MD — mean difference; NI — noninferiority; pp — percentage points; RD — risk
difference; SBP — systolic blood pressure.

Glycaemic outcomes

In the 225-participant trial by Ben-Yacov and colleagues, a machine-learning-guided
postprandial-targeting diet improved HbAlc more than a Mediterranean diet at six months. The
between-group difference was approximately —0.08 percentage points, with a published 95%
CI of —0.14 to —0.02. Time above the prespecified glucose threshold also improved, whereas
the oral glucose tolerance outcome did not show a between-group difference. Both groups
received dietary support, so the result supports an incremental effect on selected glycaemic
outcomes rather than a general benefit of all forms of personalisation [1].

Rein and colleagues tested two two-week diets in a randomised crossover involving 23
adults with newly diagnosed type 2 diabetes. The personalised diet reduced mean continuously
monitored glucose relative to the Mediterranean diet by 7.8 mg/dL in the reported comparison.
A subsequent six-month phase involved 16 participants without a concurrent control; its HbAlc
change of —0.39 percentage points is therefore an uncontrolled extension result, not the six-
month effect of a randomised comparison [12].

The Personal Diet Study provides a counterpoint. The Popp trial did not show superior
weight loss, and its linked Kharmats report found no additional improvement in glycaemic
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variability or HbAlc with the personalised diet relative to the standardised low-fat diet. The
two papers report one trial and are not independent replication [2,9].

The digital-twin trial by Joshi and colleagues reported much larger glycaemic
improvement than standard care, with HbAlc changes of —2.9 and —0.3 percentage points at
one year. The programme also incorporated activity, sleep and medication management. The
randomised contrast therefore estimates a multicomponent programme effect; it does not isolate
the contribution of the Al-generated nutritional component [13].

Weight outcomes and LLM-specific clinical evidence

Popp and colleagues did not demonstrate superior six-month weight loss with a
personalised glycaemic-response diet over a low-fat diet when both groups received
behavioural counselling. The reported difference was +1.05 percentage points of baseline body
weight (95% CI, —0.40 to 2.50), favouring the low-fat diet in direction but not establishing a
difference. The finding is specific to the tested intervention, comparator and outcome and is not
evidence of equivalence or class-wide ineffectiveness [2].

The NEXGEN trial provides directly relevant LLM-based clinical evidence. In 160 adults
with overweight or obesity, personalised prompt generation integrated with ChatGPT was
compared with structured manual ChatGPT guidance. Reported weight loss was 6.6 versus 3.0
kg at 12 weeks and 5.5 versus 1.7 kg at 24 weeks, corresponding to descriptive signed contrasts
of —=3.6 and —3.8 kg. Both arms used ChatGPT and the intervention combined dietary and
exercise planning, so the trial tests a prompting and personalisation package rather than
ChatGPT versus no Al [14].

The CALO mama Plus trial also reported greater weight loss than a no-intervention
control. The adjusted between-group difference at three months was —1.60 kg (95% CI, —2.83
to —0.38). Because the app bundles Al-generated advice with self-monitoring and other
behavioural functions, the contrast estimates the programme effect rather than the isolated
recommendation algorithm [15].

Blood pressure, dietary salt and programme noninferiority

Sato and colleagues randomised 312 participants to a genetic-profile plus Al-app
programme, control, or app-only condition. At three months, the treatment group did not reduce
salt intake relative to control (MD —0.2 g/day; 95% CI, —0.7 to 0.3) and did not show a systolic
blood pressure difference (MD —2.6 mmHg; 95% CI, —8.7 to 3.4). The published outcome table
contained 268 observations for salt intake and 128 for blood pressure (85.9% and 41.0% of the
randomised sample, respectively). These are outcome-specific analysis denominators rather
than a general retention rate [16].

The AI-DPP trial compared referral to an Al-led diabetes-prevention programme with
referral to a human-coached programme in 368 adults. Composite success occurred in 58/183
and 59/185 participants, respectively. The unadjusted risk difference was —0.20 percentage
points and the published one-sided 95% lower confidence bound was —8.2 percentage points,
above the prespecified —15-point noninferiority margin. The result supports noninferiority for
the specified composite referral strategy; it does not establish superiority, equal HbAlc control,
identical programme exposure or cost-effectiveness [3].

Quiality, accuracy and safety of generated dietary advice

Generated-advice studies produced mixed findings that depended on the evaluation
construct. Guideline and nutrient assessments identified gaps in weight-loss guidance, energy
targets and dietary-pattern concordance, while one comparison reported a lower saturated-fat
energy share in Al-generated plans. In simulated diabetes cases, Gemini 1.5 Flash achieved a
higher study-specific composite score than GPT-4 (median 4.34 vs 3.79; p<0.001). In an
exploratory ten-chatbot comparison, no model exceeded 50% on the study accuracy scale in the
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complex profile. These results identify task-specific strengths and failure modes but do not
provide a universal accuracy or safety rate [5,17-20].

Expert rating and safety-oriented benchmarking measured different constructs. Kim and
colleagues found no statistically significant differences among blinded ratings of a general Al-
generated plan and two institutional plans, but the separate personalised-plan assessment was
unblinded; nonsignificance therefore does not establish equivalence or nutrient adequacy.
Parameswaran and colleagues recorded no harmful responses for a guideline-grounded
retrieval-augmented configuration in its finite test set, but this does not establish a zero clinical
harm rate or deterministic constraint enforcement [4,6].

The content evaluations, their reference standards and interpretation limits are
summarised in Table 2.

Table 2. Source-verified evaluations of generated dietary advice used in the synthesis.

Study Evaluation / reference Main finding Interpretation limit
Naja 2024 [20] | 63  prompts;  dietitian | Gaps in weight-loss | Prompt-level; no
guideline review guidance, energy | patient safety
deficit, nutrients and | estimate
menu composition
Kim 2024 [4] | Expert ratings; blinded | No significant | No equivalence
general-plan comparison differences among | design; personalised
general plans assessment
unblinded
Ponzo 2024 | 10 chatbots; 2 profiles; | No model exceeded | Exploratory; no
[5] repeated days 50% accuracy in the | population safety rate
complex profile
Kenger 2025 | 24 simulated | Weak Mediterranean | Study-specific
[17] hypertension/dyslipidaemia | and DASH | profiles and scoring
profiles adherence
Ben Lafgih | 52  simulated diabetes | Gemini 4.34 vs GPT- | Composite score, not
2025 [19] cases; multicriteria score 4 3.79; p<0.001 universal accuracy
Celik 2026 | Al vs dietitian nutrient | Lower saturated-fat | No  across-nutrient
[18] composition energy share in Al | superiority
plans
Parameswaran | 30 questions; grounded vs | No harmful | Finite benchmark; no
2025 [6] off-the-shelf models responses in | clinical safety rate
grounded
configuration

Observational evidence and technology-boundary cases

The observational records mainly describe commercial programmes, engagement-
selected users or before-and-after changes without a concurrent counterfactual. They can
document feasibility or change among users but cannot separate programme effects from self-
selection, concurrent treatment, secular change or regression to the mean. They were not used
to derive a pooled treatment effect.

The Lee trial is a clinically informative boundary case. The full report describes an
integrated platform in which the Al component performs food recognition to automate dietary
logging; it does not establish that a learned model generates individualised dietary
recommendations. Under the stated recommendation criterion, the trial is therefore contextual
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rather than part of the core personalised-recommendation synthesis, despite reporting improved
HbA1c with the overall platform [21].

The Educ@dom trial is another boundary case. Its Nutri-Educ software is based on fuzzy
arithmetic and heuristic search; under the exclusion of fixed-rule or fuzzy-only personalisation
without a learned model, it falls outside the narrow synthesis. This classification is based on
technology definition rather than outcome direction [22,23]. Broader management-plan
evaluations without a separable nutrition endpoint, including Mondal and colleagues, remain

contextual [24].

Certainty of evidence (GRADE)
Certainty was rated per primary outcome across the comparator-based evidence (Table

3).
Table 3. GRADE certainty ratings for primary clinical outcomes.

Outcome Studies (design) Certainty Principal reasons for rating

Weight/BMI  vs | 3 RCTs, 1 pilot| Low Risk of bias (—1: inactive

active or usual | RCT controls, developer involvement

care in the  positive trials);
inconsistency (—1: the largest
and cleanest trial is null while
smaller, higher-risk trials are
positive)

HbAlc Vs | 2 RCTs, 1 | Very low Risk of bias (—2: medication co-

standard care

noninferiority

intervention in the only strongly

delivery vs human

RCT

noninferiority

RCT, 1 positive trial; non-randomised
retrospective allocation elsewhere);
cohort indirectness (—1: intervention
bundles)
HbAlc, Al |1l noninferiority | Moderate for | Large pragmatic randomised

trial with an active, intensity-

post

the trial found
no statistically

coaching against the | matched comparator;
trial’s downgraded once for
prespecified indirectness (composite
composite benchmark including  self-
benchmark reported components)

Blood pressure /| 1three-arm RCT, 1 | Moderate for | Single well-conducted null RCT

dietary sodium uncontrolled pre- | the estimate; | with a stated  minimum

detectable effect; downgraded
once for indirectness (workplace

quality/adherence

mostly single-arm

significant population, 90% male)
difference
Lipids, fasting | No adequately | Very low Sparse, uncontrolled or
glucose controlled primary- secondary reporting only
endpoint evidence
Dietary Heterogeneous, Very low Risk of bias, indirectness, no

common instrument

No outcome reached high certainty. The only two moderate-certainty conclusions
available are not demonstrations of added efficacy: that an Al application for sodium reduction,
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with or without genetic profiling, produced no statistically significant change in dietary sodium
or blood pressure in the single trial designed to detect it — a finding of no demonstrated benefit
rather than a demonstration of equivalence; and that fully automated Al delivery of a structured
lifestyle programme was noninferior, though not superior, to human coaching.

Discussion. The source-verified clinical evidence is heterogeneous rather than uniformly
positive or negative. Active-comparator trials support a modest glycaemic benefit in one setting
and no incremental weight benefit in another. Multicomponent Al-enabled programmes and an
LLM prompting intervention report clinically relevant improvements, while an Al-based
sodium-reduction programme was null. The noninferiority trial adds evidence about delivery
and scalability rather than a common treatment effect that can be pooled with superiority trials
[1-3,12-16].

These results do not show that Al-driven personalisation is necessary for an effective
programme, nor do they justify dismissing positive findings solely because the intervention is
multicomponent. Findings should be interpreted at the level of the specified programme,
comparator, outcome and follow-up. In particular, a package-level effect is not an isolated Al
effect, and an inactive comparator cannot separate algorithmic contribution from self-
monitoring, contact or other programme components.

Co-interventions have different implications across designs. In a randomised comparison
of multicomponent care packages, medication management or coaching may be part of the total
intervention whose effect is being estimated. Their presence limits attribution to the Al
component but does not automatically invalidate the package contrast. In uncontrolled cohorts,
the same changes create a stronger causal-attribution problem because there is no concurrent
counterfactual.

Outcome selection also matters. A system designed to alter postprandial glucose
responses need not outperform an isocaloric comparator for sustained weight loss, but a
plausible mechanism cannot be used to explain away every null result after the fact. Mechanistic
interpretation is useful only when it remains anchored to the prespecified clinical contrast and
its uncertainty. Noninferiority has an additional requirement: the tolerated loss of benefit is
defined by the margin and confidence bound, not by visually similar percentages [1-3,12].

A fluent plan can be rated favourably by experts while still containing a nutrient-level
error, and a numerically adequate menu can be impractical, culturally unsuitable or
unaffordable. Expert rating and computed guideline concordance therefore measure different
constructs. The current studies rarely apply both to the same output set, so the evidence does
not support a causal claim that experts systematically substitute fluency for correctness [4—
6,17-20].

Reproducibility and clinical differentiation should also be separated. Different menus
may be equally suitable, while identical outputs may reproduce the same error. Repeated-
generation studies identify instability under the tested prompts and model settings but do not
establish a literature-wide failure rate. Model version, query date, prompt, retrieval material,
sampling configuration and human review process are part of the identity of the intervention;
cross-version generalisation requires new evidence.

Safety is further removed from simple content scoring. A guideline-discordant answer,
an expert-identified hazard and an observed patient adverse event are different endpoints. A
benchmark can expose a plausible mechanism of risk without estimating its incidence in routine
use. Conversely, zero harmful responses in a finite test set cannot establish universal safety,
including for retrieval-grounded systems [5,6].

Study limitations

The dominant limitation is incomplete evidence provenance. The search and selection
record cannot be fully reconciled, some rows contain copied results or conflicting
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classifications, and the post hoc verification prioritised outcome-bearing discrepancies and
accessible primary sources. This creates potential source-availability and verification-priority
bias. Accordingly, the reported total of 62 studies represents the review’s final working
evidence inventory; incomplete provenance and study linkage limit independent verification of
that count.

Several effects are supported only by abstracts or extraction, and the clinical bias
workbook uses a harmonised template that is not a complete RoB 2 or ROBINS-I
implementation. The accuracy tool is an unvalidated QUADAS-2-informed adaptation, and two
later-added accuracy candidates are absent from the supplied appraisal worksheet. These
limitations are why formal outcome-level GRADE certainty was not reissued.

The English-language restriction and uneven timing of supplementary searches may have
missed evidence, and the separate source verification was not a comprehensive search update.
In the primary studies, heterogeneous comparators, short follow-up, multicomponent
interventions, incomplete outcome measurement and inconsistent safety definitions limit
transferability. These constraints preclude a precise estimate of the average benefit or harm of
Al nutrition systems as a class.

Clinical trials should state whether they estimate a total programme effect, an Al-
component effect or the performance of a referral pathway. Component questions require
comparators that hold the remainder of care sufficiently similar; pragmatic package trials need
not remove clinically appropriate human input merely to appear more automated.
Noninferiority studies require a clinically justified margin and transparent reporting of each
composite component.

Content evaluations should combine independent clinical review with reproducible
nutrient calculations where menus permit them, report guideline versions and patient
constraints, and analyse repeated outputs at the profile or question level. Retrieval grounding
should be distinguished from deterministic rule enforcement. Prospective patient outcomes and
adverse-event measurement remain necessary before improved benchmark scores are
interpreted as clinical safety benefits.

Conclusion. Al-enabled personalised nutrition can improve selected glycaemic or weight
outcomes in specific settings, but the evidence does not support blanket superiority or blanket
ineffectiveness. The contribution attributable specifically to Al depends on the comparator and
intervention architecture, and a noninferiority result for a programme-referral strategy should
not be relabelled as equality on individual clinical outcomes.

Generated-advice evaluations identify clinically relevant limitations alongside favourable
expert ratings and some favourable nutrient comparisons. Expert acceptability, nutritional
adequacy, reproducibility and patient safety require separate measurement. Guideline-grounded
retrieval is a promising mitigation strategy supported by limited benchmark evidence, not proof
of harm-free deployment. A definitive systematic synthesis requires an auditable selection

record, complete study linkage and outcome-specific bias assessment.
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KAPIUNOMETABOJIMKAJIBIK JEHCAYVYJIBIK YIIIH ’KACAH/JAbI UHTEJUVIEKT
KOMEI'ITMEH JEPBECTEHAIPII'EH TAMAKTAHY : KIMHUKAJIBIK
I9CEPJIEP MEH KACAJIFAH TAMAKTAHY ¥CBIHBIM/IAPBIHA KYUEJII
moJay

®. XOXAMKYJI, A.T. IAPMAH

Ka3zak raramrany akagemusicel, Anmatel, Kazakctan

Tyiingeme

Kipicne. XKacanasl uatennexkr (OKM) KongaHbaThIH TaMaKTaHy JIHETaHBI OOJKaMIbI
nepOecTeHnipyal, e©Mip CcanTblH  OacKapyAblH LUQPIABIK OaFjapiaManapblH — KOHE
TeHepaIusUIaHFaH TAMAKTaHy YCHIHBIMIAPbIH KaMTHIBL.

Makcatsl. Kapanomerabonukanblk Toyekeni Oap epecekrepae KW KonmaHbUIaThIH
NepOeCTeHIIPITEH TaMaKTaHYAbIH KJIMHUKAIBIK HOTIKENEPiH, COH/Ial-aK TeHepalsUIaHFaH
YCBIHBIMJIAPIBIH JISJI/IIT1 MEH Kayilci3Airin Oaranay.

Marepuanaap MeH daicrep. bec OubamorpadusIbIK IePEKKOp MEH €Kl KIMHUKAIBIK
3epTTeysiep TI3UIIMiIHAE OJIapJblH KypbulFraH Ke3iHeH 2026 >KbUIFbl TaMbl3fa JAEHIH 131ey
)Kyprizimin, Semantic Scholar, medRxiv jxoHe TaHanFaH BeO-IepeKKO3/IEpIe KOCHIMIIA 13/1€Y
opbeiHaanasl. XKapamasl apanacymnapaa KM, MalMHaNBIK OKBITY, YIKEH TIIA1K MOJENb HEMece
JTUAJIOTTBIK areHT JKeKe JHMeTa, Mo3ip HeMece TaFaM YCBIHBIMJIAPBIH KaIbIITACTHIPIBL.
KnuHukaabslk HOTHXKENep MEH reHepallvsiIaHFaH YChIHBIMIAPIBIH TOJIITT O6JIeK CHHTE3ACI/i.
AKyiteni karenik toyekeni RoB 2, ROBINS-I xone QUADAS-2 Herizinne Oeilimaenrex
KypaiMeH Oaranansl; qonenaeMenep iy ceHiMautiri GRADE apkpuibl aHBIKTAIIbL.

Horu:kesiep. CoHFBI )KYMBIC J97IesieMeNep KUHarbiHa 62 3epTTey (64 >KapHsiaHbIM)
Kipi: 26-Chl KIMHUKAIBIK, 36-ChI TIOMIIK JOMEHIH/e. MalllnHAIBIK OKBITYFa HET131eNITeH 11eTa
aNThl aiilaH KeHiH jkepopTa TeHI31 nuerachkiMeH canbicThiprannga HbAlc nmenreitin 0,08
naib3ABIK TapMakka keOipek TeMmeHneTTi (95% CU —0,14-tern —0,02-re neiiin), an Oacka
3epTTeyae NepOeCTeHIIPUITeH JUeTa Malbl a3 TUETaMEH CaJIbICTBHIPFAaH A adThl AMIIBIK CaIMakK,
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JKOFaJITY bl JKaKcapTnabl (0acTankbl cajiMakTaH albipMaiibuiblK +1,05 malbI3abIK TapMak;
95% CH —0,40-tan 2,50-re geitin). JepOectenaipiaren LLM npoMnTuHIi KOJIMEH kKacajFaH
ChatGPT npoMnTHHriHE KaparaHJa CaJMak >KOFAITYIbl JKaKCcapTThl, ajl HATpUiAl a3aiiTyra
apHanran KW Oarnapnamachl Ty3 TYTBIHY MEH apTEpUSUIBIK KbICBIMABI KakcapTraisl. 368
KaTeicymbicl  0ap 3eprrey KU OGackapaTblH JKOHE aJaM-)KaTTBHIKTBIPYIIBI JKYPTi3eTiH
IUabeTTIH alablH any OargapiiaMajapblH CalbICTBIPFAHIA aJJbIH ajla OCNTUICHreH KeM
TYCIIEYUIUIIK KpuTepuiline xerTi. ['eHepauusianran yChIHBIMAAP capariibuiapiadl oH Oara
QIFaHBIMEH, HYTPUEHTTEp MEH HYCKAYJbIKTapFa COMKECCI3IIKTEp aHBIKTAIAbI, Kypaemi
npodmiIbaep KUBIHBIPAK OOJIBI.

KopwiThinabl. Keiibip apanacynap jKeKelereH HOTHKeIepIi kakcapTThl, Oipak KU
KOJIJAaHBUIAThIH TAMaKTaHY/IbIH JKaJIbl Maiiaacel qoanenaenteni. barnapaamansik acepiep KU
KOMITOHCHTIHIH JKEKe YJECIH aXpIpaTHaiabl, ajd OH Ma3MYHJIBIK Oaraiap HYTPUTHUBTIK
KETKUTIKTIIIK TIeH MalMeHT KayilCi3Airin AanenaeMeiai.

Tyitinai ce3mep: nepOecTEHIIPUITeH TaMaKTaHy, »acaHAbl MHTEIUICKT, YIKCH TUIIIK
MOJIENBJICP, KapIuOMEeTaOOIUKAIBIK JCHCAYIIBbIK, TAMAaKTaHy YCHIHBIMIIAPHI, ToJIeIeMenepIi
CUHTE3CY.

IHHEPCOHAJIM3UPOBAHHOE IITMTAHUE C IPUMEHEHUEM
HNCKYCCTBEHHOI'O MHTEJUIEKTA JJSA KAPIUOMETABOJINYECKOI'O
3JIOPOBbSI: CHCTEMATHYECKHU OB30P KJIMHUYECKHAX Y®DEKTOB

U TEHEPUPYEMBIX PEKOMEHJIAIIMI IO IIMUTAHUIO

®. XOXXKAMKYJI, A.T. LIAPMAH
Kazaxckas akagemus nuradus, Anmarsl, Kazaxcran

AHHOTanus

BBenenue. [Iuranue ¢ uckyccTBeHHbIM uHTeUIeKTOM (M) BKIIIOYaeT mpeIuKTUBHYIO
NEPCOHAIN3AIMIO PpallMOHa, UU(POBBIE MPOTpamMMbl YIPABICHUS OO0pa3oM KHU3HU U
Cr€HEpUPOBAHHBIE PEKOMEHAALINH MO MUTAHUIO.

Hean. OneHnThs KIMHUYECKHE PEe3ybTaThl MepcoOHANM3UpoBaHHOro nutanus ¢ MU y
B3pPOCIIBIX C KapJUOMETa0O0IMYEeCKUM PUCKOM, TOYHOCTh U O€30MacHOCTh CT€HEPUPOBAHHBIX
PEKOMEH Talni.

Matepuanbl u MeToabl. [Touck mpoBoauu B Aty oudanorpadguyeckux 6azax JTaHHBIX
U JBYX peecTpax KJIMHUYECKHX MCCIEeI0BaHUM C MOMEHTa co3faHus a0 asrycra 2026 rona,
JIONOJTHUB ero mouckoM B Semantic Scholar, medRxiv m BeG-ucrounukax. Bximrouanm
1M (poBbIE HHCTPYMEHTHI, B KoTopbix MU, MamnHHoe 00ydeHue, 6ombIiast I36IK0Basi MOJIEb
WM JUAJIOTOBBIM areHT (hOpMHUpOBAIM MHAUBHIYyaTbHbIE PEKOMEHIAIIUYU 110 PAllMOHY, MEHIO
Wi ipuemam nuiy. Kimmanaeckue pe3ybTaThl 1 TOYHOCTh CTeHEPHUPOBAHHBIX PEKOMEHIAIINA
CHUHTE3MPOBAJIHM pa3zieibHo. Puck cucrematnueckoit ommnoOku oneHuBaiu no RoB 2, ROBINS-
I u amantupoBanHoMy uHCTpymMeHTY QUADAS-2, a 10CTOBEPHOCTh JOKa3aTENIbCTB I10
GRADE.

Pe3yabTaTsl. VITOroBeIid pabounii MacCHMB J0KA3aTEILCTB BKIIIOUAI 62 MCCIIEIOBAHMS
(64 mybnukaiumn): 26 B KIMHHYECKOM IOMEHE U 36 B JOMEHE TOYHOCTH. Uepes 1ecTh MecsIIeB
JIMeTa MoJ1 yIpaBlIeHueM MalmmHHOTo 00y4yeHus cHkana HbA1c na 0,08 mporieHTHOTO MyHKTa
Oonbire, ueM cpeanseMHomopcekas aueta (95% JAU ot —0,14 no —0,02), Toraa kak B Apyrom
MCCJIEIOBAaHUH MEPCOHAIM3UPOBAHHAS JIMETa HE yIy4lInia CHIKEHUE Beca M0 CPaBHEHUIO C
JIMETON ¢ HU3KUM COJep>KaHUEM KUpOB (pa3Huia +1,05 nporeHTHOro MyHKTa OT UCXOAHOTO
Beca; 95% JIN ot —0,40 mo 2,50). IlepconanusupoBanHbiii poMOTHHT st LLM ymydmmmn
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CHI)KCHHE Beca M0 CpaBHEHHIO ¢ py4HbIM npomnTuHroM ChatGPT, a mporpamma cHUXEHHS
notpebsieHust Hatpusi Ha ocHoBe MM He ynyummna notpeOjieHHe COJM WIH apTepUabHOE
nasnenue. MccinenoBanue ¢ ydactueM 368 4YeIOBEK JOCTUIIIO 3apaHee YCTaHOBJICHHOTO
KpuTepus HeMeHblleld 3(PQPEeKTUBHOCTH TpU CpPaBHEHHWU HAMpaBjieHHs B IpoOrpammy
npodunaktuku amadera mox ympasieHuemM WU u denoBeka-mHCTpyKTOpa. MccnemoBaHus
Cr€HEPUPOBAHHBIX PEKOMEHIAlUN BBISBUIN OJAroNpuUsiTHbIE SKCIEPTHBIE OLEHKU HApSIy C
HECOOTBETCTBUSIMU 10 HYTPUEHTAM U PYKOBOJICTBAM, CJIOXHBIC MPOQUIN OKa3aauch Oolee
TPYJIHBIMHU.

3akiouenue. OTeNnbHbIE BMEIIATEIbCTBA YIYUIIAId KOHKPETHBIE PE3ylbTaThl, HO
nosib3a nutanus ¢ MU kak knacca He ycranoBiaeHa. D(p@eKxTsl mporpaMm He U30JIUPYIOT BKIIAJ
WU, a nonoxxutenbHbIe OLEHKH COJIepKaHUsI HE MOJTBEPKAAIOT HYTPUTUBHYIO aJI€KBAaTHOCTD
Wi 0€30MacHOCTh MAllMEeHTOB.

KiioueBbie cj10Ba: NEPCOHATM3UPOBAHHOE IMHMTAHHE, UCKYCCTBEHHBIM HMHTEIUIEKT,
00JIbIIME S3BIKOBBIE MOJIEH, KAPAMOMETA00IMUECKOE 3/10pOBbE, PEKOMEHJAINH 10 MUTAHUIO,
CUHTE3 J0Ka3aTebCTB.
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