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Objectives: Chronic kidney disease is a global health challenge, and effective, individualized nutritional management is crucial for

slowing progression and improving quality of life. Artificial intelligence (AI) offers innovative tools to optimize and personalize nutritional

care. This review explores AI applications in nutritional management, assessing their impact on clinical outcomes, quality of life, and care

efficiency.

Methods: A systematic review was conducted, reported according to the Preferred Reporting Items for Systematic Reviews and

Meta-Analyses guidelines. Searches were performed on 5 databases, namely MEDLINE, Embase, Cochrane Library, Cumulative Index

to Nursing and Allied Health Literature, and integrated with gray literature sources between September and November 2024. The meth-

odological quality assessment was conducted independently by 2 researchers using the Joanna Briggs Institute methodology.

Results: Of 2,053 initial records, 7 studies met inclusion criteria. AI showed significant potential in personalizing dietary recommen-

dations using machine learning, clinical decision support systems, and generative AI tools. These systems tailored nutritional advice

based on patient-specific clinical data, reducing complications such as hyperkalemia and improving adherence. AI also facilitated early

risk detection and proactive care by monitoring nutritional parameters and predicting complications. In addition, AI-powered platforms

enhanced patient education through culturally relevant, intuitive dietary plans andmultilingual materials, increasing engagement. AI also

improved health care efficiency by automating tasks and integrating with electronic health records.

Conclusions: AI technologies show promise in enhancing nutritional care for patients with chronic kidney disease. Evidence supports

their role in improving care quality and dietary adherence. Further research is needed to validate these technologies in clinical practice

and ensure integration into routine care pathways.

Keywords: artificial intelligence; nutrition; chronic kidney disease; dietetic; systematic review

� 2025 The Authors. Published by Elsevier Inc. on behalf of the National Kidney Foundation, Inc. This is an open access article under the

CC BY license (http://creativecommons.org/licenses/by/4.0/).
Introduction

CHRONIC KIDNEY DISEASE (CKD) represents
one of the major global public health challenges.1

Artificial intelligence (AI) offers new perspectives for ad-
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dressing these complex conditions, enabling the early iden-
tification of at-risk patients and timely interventions with
personalized treatments. AI has shown significant potential
in managing metabolism-related diseases, such as diabetes
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PALOMARES ET AL14
and obesity.2 By analyzing large data sets, AI can personalize
care and accelerate research, opening newopportunities for
the prevention and treatment of these conditions.3 These
technological advancements provide innovative tools for
personalizing and optimizing nutritional management in
patients with CKD, a growing global health issue affecting
over 10% of the world’s population.4 Nutritional manage-
ment plays a crucial role inCKD treatment: targeted control
of specific nutrients, particularly potassium, phosphorus,
and protein intake, can slow disease progression, reduce
complications, and significantly enhance patients’ quality
of life (QoL).5 However, dietary management for patients
with CKD is highly complex and requires a personalized
approach. AI is revolutionizing this field byoffering innova-
tive solutions for tailored nutrition.6 Recent studies7,8 have
demonstrated the effectiveness of AI models, including sys-
tems based onWebOntology Language and SemanticWeb
Rule Language, as well as tools designed to optimize potas-
sium intake, a key factor in preventing cardiovascular com-
plications, simplifying disease management, and improving
the QoL for patients with CKD. Similarly, another study9

used an adaptive neuro-fuzzy inference system to predict
renal failure progression in patients with CKD by analyzing
a decade of clinical data, such asweight, diastolic blood pres-
sure, and the presence of diabetes, to estimate variations in
the glomerular filtration rate. The study demonstrated
high prediction accuracy, highlighting how adaptive
neuro-fuzzy inference system can serve as an effective tool
for managing complex chronic conditions such as CKD.
A recent study from 202410 further demonstrated how AI
can significantly enhance the QoL of peritoneal dialysis pa-
tients by optimizing their nutrition, providing a modern,
personalized, and cutting-edge approach. Collectively,
these findings illustrate how AI is contributing significantly
to improving patient outcomes, from preventing complica-
tions to personalizing therapies, establishing itself as an
indispensable tool for addressing the challenges posed by
this complex pathology. In this evolving context, nurses
occupy a unique strategic position: they are not only direct
users of AI-based technologies but also professional care ex-
perts capable of guiding the development and implementa-
tion of these tools in nursing care.11 The active integration
of advanced technological tools into health care processes
has become a fundamental priority for organizations and
professionals in the field. AI emerges as a particularly prom-
ising resource, with the potential to enhance nursing care
quality, improve patient safety, and increase efficiency, all
while maintaining cost-effectiveness.12 Specifically, the
application of AI in nursing care involves the use of dedi-
cated tools, algorithms, and systems that support nurses
across awide range of activities, from clinical responsibilities
to administrative functions.13 This integrated approach al-
lows for the optimization of overall health care quality.
However, despite their potential, these technologies present
several challenges,14-17 including the lack of an empathetic
component inherent to human interaction, concerns about
data privacy, and the complexity of adapting standard
protocols to meet the specific needs of individual patients.
This systematic review aims to analyze the impact of AI

technologies in nutritional care, focusing on personalized
diet recommendations, monitoring nutritional parameters,
enhancing patient education, and supporting health care
provider efficiency.

Methods
Protocol and Registration
This systematic review was conducted based on a proto-

col prospectively registered on the Open Science Frame-
work, available at: DOI 10.17605/OSF.IO/RNDVU.
The review adheres to the guidelines of the Preferred Re-
porting Items for Systematic Reviews and Meta-
Analyses.18

Formulation of Research Question
The research question was developed using the PICO

framework,19 as follows: population (P): patients with
CKD; intervention (I): application of AI in managing
nutrition; (C): standard nutritional management practices
or no AI-based intervention; Outcome (O): impact on
clinical outcomes, assistive outcomes, and quality of care
in health care settings specializing in CKD management.

Eligibility Criteria
The inclusion criteriawere focused on primary studies in

English that examined the application of AI-driven tools in
nutritional management for patients with CKD. Eligible
studies assessed the impact of AI on personalizing dietary
interventions, monitoring adherence to dietary plans, or
predicting clinical outcomes associated with nutrition.
Studies using AI technologies such as machine learning
(ML) or neural networks for dietary management were
also included. Excluded studies were those that did not
involve AI, were not related to nutritional management
for CKD, or were not accessible in full text (eg, book chap-
ters or abstracts).

Search Strategy
A systematic literature search was conducted in the

PubMed (MEDLINE), Embase, Cochrane Central Register
of Controlled Trials, and Cumulative Index to Nursing and
Allied Health Literature databases between October and
November 2024. Additional sources of gray literature, such
as Google Scholar and relevant professional organization
Web sites, were also consulted to locate unpublished studies.
All references were managed using EndNote 20 (2025 Clar-
ivate). The search process involved 3 key steps to ensure a
comprehensive review. Initially, search termswere crafted us-
ing keywords tailored to each database, incorporatingMeSH
terms and Boolean operators to target studies on AI, CKD,

https://doi.org/10.17605/OSF.IO/RNDVU


AI AND NUTRITION IN CHRONIC KIDNEY DISEASE 15
and nutritional management. The search was then expanded
to other relevant databases using refined search terms to
improve both sensitivity and specificity. Finally, a thorough
review of the references from the selected studies was con-
ducted to identify additional relevant research (Table S1).

Selection of Evidence Sources
Duplicate records were identified and removed using

EndNote 20 (2025 Clarivate) and manual checks. Two re-
searchers independently conducted the screening process,
with disagreements resolved by a third researcher.20 The
screening involved an initial review of titles and abstracts,
followed by a full-text review based on the predefined in-
clusion and exclusion criteria. During the final stage, the
reference lists of included studies were checked to uncover
any further pertinent studies.

Risk of Bias and Methodological Quality
Assessment
The risk of bias and methodological quality of the

included studies were assessed by 2 independent reviewers,
with discrepancies resolved through discussion with a third
researcher. To ensure a robust evaluation of study quality,
the JBI Critical Appraisal Tools were used.21 These tools
provide a systematic approach for assessing research designs
and were used to determine the reliability and relevance of
the studies. Based on a previous study,22 studies scoring over
70% on the JBI scale were classified as high quality, those
scoring between 50% and 70% asmedium quality, and those
scoring below 50% as low quality (Table S2).

Data Extraction and Synthesis
Data extraction included essential study details, such as

author, year, country of origin, participant demographics,
AI interventions, and outcomes related to CKD and nutri-
tional management. Two researchers independently ex-
tracted data, with final consensus achieved through
discussion with a third researcher. The extracted data
were systematically organized in tables and analyzed ac-
cording to the review’s research objectives. A narrative syn-
thesis was used to summarize the findings, supplemented by
tables and figures to enhance clarity. The results were cate-
gorized into 4 key themes: AI in personalization of dietary
recommendations; AI in monitoring nutritional parame-
ters and predicting complications; AI in enhancing patient
education and engagement; AI in supporting health care
provider efficiency.

Results
A total of 2053 records were identified through system-

atic searches across electronic databases: MEDLINE/
PubMed (n 5 199), Embase (n 5 1,782), Cochrane Li-
brary (n 5 33), CINAHL (n 5 20), and gray literature
(n 5 19). After removing 151 duplicates, 1,902 unique ti-
tles were screened. Based on title relevance, 120 articles
were selected for further evaluation through abstract re-
view. During this phase, 64 articles were excluded as irrel-
evant. Subsequently, 56 full-text articles were assessed for
eligibility. Of these, 49 studies were excluded for not
meeting the selection criteria. After the screening process,
a total of 7 studies were included in this systematic review
(Fig. 1).

Characteristics of the Studies Included
The studies included23-29 were conducted in different

countries, with many of the analyzed studies originating
from India (n 5 3; 42.86%),24,28,29 followed by the USA
(n 5 1; 14.29%),26 Iran (n 5 1; 14.29%),23 Thailand
(n 5 1; 14.29%),27 and Sri Lanka (n 5 1; 14.29%).24 The
articles were published between 2019 and 2024, and all
studies were observational. The studies also address 4
main outcomes: AI in personalization of dietary recom-
mendations (n 5 5),23-27 AI in monitoring nutritional
parameters and predicting complications (n 5 4),24-26,28

AI in enhancing patient education and engagement
(n 5 3)26 and AI in supporting healthcare provider effi-
ciency (n 5 4).23,27,29 The findings exhibit a variety of AI
technologies, including ML algorithms (eg, Multiclass De-
cision Forest, Random Forest, Extreme Gradient Boosting
[XGB]), generative AI (eg, ChatGPT, Bard, Copilot), and
calculation techniques simulating human reasoning (Fuzzy
Inference System). Most studies report high accuracy in
predicting CKD-related outcomes with an overall low
risk of bias. Quality analysis demonstrated high quality
across all included studies, with a mean score of 96.43%
(range: 87.5%-100%; Table 1, Table S2).

AI in Personalization of Dietary
Recommendations
Personalization of dietary recommendations emerged as

a central theme across studies, highlighting the integration
of ML and AI tools to customize dietary strategies for pa-
tients with CKD. Systems such as the fuzzy logic–based
Clinical Decision Support System (CDSS)23 and ML
models24,25 demonstrated their capability to account for
comorbidities, potassium levels, and individual dietary
needs, delivering tailored macronutrient and food group
recommendations. For instance, Marashi-Hosseini L
et al.23 introduced a CDSS that provided tailored macronu-
trient and food group recommendations for patients with
multiple chronic conditions, achieving a 97% accuracy
rate when compared to dietitians’ recommendations. This
approach allowed dietitians to quickly and precisely
customize diets, addressing the complexity of balancing
multiple dietary restrictions.
Similarly,ML algorithms, such as theMulticlass Decision

Forest (MDF),24 excelled in classifying potassium zones
(SAFE: 3.5-5.0 mEq/L, CAUTION: 5.1-6.0 mEq/L,
DANGER:.6.1 mEq/L) and providing personalized die-
tary adjustments with an accuracy of 99.17%. These algo-
rithms use patient-specific clinical data, such as serum
potassium levels and CKD stage, to tailor dietary



Figure 1. PRISMA flowchart.
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recommendations aimed at minimizing complications such
as hyperkalemia. In addition, the use of Random Forest
models25 achieved a remarkable 99.75% accuracy in classi-
fying CKD stages and generating food recommendations
aligned with potassium levels, further highlighting the po-
tential of AI in managing complex dietary needs. These ap-
proaches demonstrate how AI models integrate clinical
guidelines with patient-specific data to improve adherence
to dietary plans and reduce the burden on healthcare
providers.

Generative AI models, such as ChatGPT 4 and Bard
AI,26,27 also contributed significantly to dietary personali-
zation. These tools provided culturally relevant and
patient-specific meal plans, aligning closely with individual
preferences and nutritional requirements. For instance,
Bard AI achieved 100% accuracy in identifying phosphorus
content in foods, offering reliable insights for tailoring
phosphorus intake. Meanwhile, ChatGPT 4 demonstrated
an 81% accuracy rate for potassium classification, support-
ing the creation of low-potassium meal options critical for
CKD management. Beyond nutrient classification, these
tools excelled in generating recipes and multilingual meal
plans, accommodating diverse patient populations and
enhancing accessibility to personalized dietary guidance.
Despite these achievements, discrepancies in nutritional
analysis, such as the underestimation of protein and potas-
sium levels by up to 54%,26 highlight the importance of
integrating AI tools with validated nutritional databases to



Table 1. Characteristics of the Studies Included

Author, Year Study Type Country Population AI Technology Objective Results

Quality/

Bias

Wang et al., 202426 Observational USA 20 virtual dialysis patients

(Monte Carlo simulation)

ChatGPT Evaluate ChatGPT for

personalized nutritional
recommendations

Daily menus with recipes;

multilingual translation

111/low

Marashi-Hosseini

et al., 202323
Observational Iran 100 nutrition records of

MCC

Fuzzy inference system Assist dietitians in creating

personalized diets

High accuracy in

macronutrient estimation
and restriction balance

111/low

Wickramasinghe

et al., 202324
Observational Sri Lanka UCI data repository (400

instances and 25

attributes)

Multiclass decision

forest

Identify optimal CKD dietary

plan

99.17% accuracy in

potassium classification

(safe, caution, danger)

111/low

Qarajeh et al., 202327 Observational Thailand 240 food items (Mayo Clinic

Renal Diet Handbook)

GPT-4, Bard, Copilot Evaluate AI for critical

nutrient analysis in CKD

GPT-4: 81% potassium

accuracy, Bard: 100%

phosphorus, Copilot:

89% phosphorus

111/low

Kanda et al., 202228 Observational Japan 24,949 patients with CKD

(stage$3a, hyperkalemia)

XGB, Logistic

Regression

Predict hyperkalemia-

related adverse events

XGB: AUROC .0.8 in

predicting mortality and

cardiovascular events

111/low

Maurya et al., 201929 Observational India Real-time data (1,000
instances and 25

attributes)

Multiclass decision
forest

Develop personalized CKD
diet system

99.17% accuracy in
potassium classification,

targeted dietary

recommendations

111/low

Banerjee et al., 20196 Observational India 400 patients (61 food items) Random forest, SVM,

na€ıve Bayes

Generate food

recommendations based

on CKD stages

Random Forest: 99.75%

accuracy in CKD

classification

111/low

AI, artificial intelligence; AUROC, area under receiver operating characteristic curve; CDSS, clinical decision support system; CKD, chronic kidney disease; eGFR, estimated glomerular
filtration rate; MCCP, multiple chronic conditions patients; ML, machine learning; SVM, support vector machine; UCI, UCI Machine Learning Repository; XGB, extreme gradient boosting.

Chronic_Kidney_Disease Dataset, Archive.ics.uci.edu.

Critical appraisal score according to JBI Critical Appraisal Tools.

A
I
A
N
D

N
U
T
R
IT
IO

N
IN

C
H
R
O
N
IC

K
ID

N
E
Y
D
IS
E
A
S
E

1
7

http://Archive.ics.uci.edu


PALOMARES ET AL18
enhance reliability. In fact, the large language models
analyzed in these studies are inherently unable to reliably
leverage external data sources in a reliable and consistent
way. Therefore, their estimations are based on the sparse in-
formation provided during the training phase and not on
validated datasets, leading to inconsistent results and hallu-
cinations. This issue might be mitigated by the use of
advanced prompting strategies (i.e., chain of thoughts),
retrieval augmented generation, or the so-called ‘‘thinking
models’’ (eg, OpenAI o1, DeepSeek R1).

Moreover, AI tools also facilitate the management of
complex dietary challenges posed by comorbid conditions,
such as diabetes and hypertension. By accounting for over-
lapping dietary restrictions, these systems ensure that pa-
tients receive comprehensive and holistic dietary care. For
example, in a study,23 CDSS not only considered CKD-
related needs but also adjusted dietary plans for other
chronic conditions, enabling dietitians to provide inte-
grated care with improved confidence and precision. The
process of AI-based dietary personalization is summarized
in Figure 2.

AI in Monitoring Nutritional Parameters and
Predicting Complications

The integration of AI and ML technologies has signifi-
cantly advanced the monitoring of nutritional parameters
and the prediction of complications in CKD and hyperka-
Figure 2. AI in personalization of dietary recommendations. CDSS
ease; ML, machine learning; K1, potassium; P, phosphorus; Na:
lemia patients. These tools leverage patient-specific clinical
data to enable early risk detection, optimize dietary inter-
ventions, and improve overall disease management. For
instance,MLmodels, such asMDF andXGB, have demon-
strated high accuracy in classifying potassium zones and
CKD stages, facilitating tailored dietary adjustments to
manage electrolyte imbalances and slow disease progres-
sion.24,25 AI systems have identified key clinical predictors
of adverse outcomes, such as serum albumin, potassium,
and creatinine levels, which have proven critical for opti-
mizing therapeutic strategies. Correlation analysis, as
described by Gupta et al.,28 revealed additional variables,
including blood sugar and creatinine levels, as significant
contributors to CKD risk and dietary recommendations.
By integrating these insights, AI tools have enhanced the
precision of dietary planning, supporting more effective
and personalized care.
Several studies have emphasized the practical applications

of AI in nutritional monitoring. Wang et al.26 explored the
use of ChatGPT to generate culturally appropriate and
user-friendly meal plans for dialysis patients. While the sys-
tem excelled in tailoring menus, it displayed significant dis-
crepancies in nutritional analysis, underestimating key
nutrients, such as protein and potassium by up to 54%.
This underscores the need to integrate AI tools with vali-
dated nutritional databases to enhance their reliability and
accuracy in clinical practice, as discussed earlier.
, clinical decision support system; CKD, chronic kidney dis-
sodium; AI, artificial intelligence.
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Real-time monitoring capabilities further underscore
the transformative role of AI in nutritional care. AI-
driven systems have been shown to flag deviations in critical
biomarkers, such as serum potassium, phosphorus, and
creatinine, enabling timely interventions to prevent com-
plications.29 Furthermore, the integration of these systems
with electronic health records allows for dynamic updates
to patient profiles, ensuring accurate monitoring and con-
tinuity of care.28 By automating data collection and analysis,
these tools reduce the cognitive load on health care pro-
viders while enhancing the precision of medical and dietary
interventions.

AI in Enhancing Patient Education and
Engagement
AI tools have demonstrated significant potential in

enhancing patient education and engagement, particularly
in the management of CKD. These technologies, powered
by AI, offer innovative solutions that improve communica-
tion between health care providers and patients, making
complex medical information more accessible and under-
standable. Research has shown that AI-driven platforms,
such as ChatGPT, are capable of generating meal plans
and recipes that are not only clear and easy to follow but
also culturally relevant and tailored to meet the specific di-
etary restrictions required for patients with CKD. This
personalization is crucial, as it ensures that the dietary rec-
ommendations align with both medical needs and cultural
preferences, leading to improved patient comprehension
and adherence to dietary guidelines.26

In addition to their personalized recommendations, AI
tools such as these offer multilingual capabilities, which
significantly enhance their reach and effectiveness. By
providing recommendations in various languages, these plat-
forms can serve a diverse range of populations, ensuring that
individuals fromdifferent linguistic and cultural backgrounds
can access the necessary information. Furthermore, these AI
systems can adapt their suggestions based on cultural con-
texts, making it easier for patients to incorporate dietary
changes into their everyday lives. This ability to cater to
different cultures and languages broadens the accessibility
of nutritional management tools for patients with CKD
and fosters better engagement, ultimately contributing to
improved health outcomes and patient satisfaction.27

AI in Supporting Health Care Provider
Efficiency
AI and ML tools are revolutionizing health care by

streamlining processes and reducing the workload of health
care providers. These technologies excel in automating
labor-intensive tasks, such as dietary planning and nutrient
analysis, which enables dietitians and clinicians to focus
more on direct patient care. CDSS, like the fuzzy logic–
based tool described by Marashi-Hosseini et al.,23 demon-
strated their ability to significantly improve the efficiency of
dietitians. By rapidly generating accurate, personalized di-
etary recommendations for patients with multiple chronic
conditions, these systems minimized time spent on manual
calculations while maintaining high precision. The intui-
tive design of the CDSS facilitated seamless management
of complex cases involving overlapping dietary restrictions,
enhancing workflow and confidence among dietitians
while remaining transparent and auditable.
Ml-powered dietary management software has further

supported health care providers by automating the classifi-
cation of CKD stages and tailoring dietary recommenda-
tions to specific biomarkers, such as potassium levels.29

This automation not only accelerates early detection and
intervention for patients with CKD but also reduces the
cognitive and administrative burden on health care
professionals.
Generative AI models such as ChatGPT and Bard AI

have also shown promise in categorizing nutrient levels
and developing meal plans, achieving high accuracy rates
(e.g., 81% in identifying high-potassium foods).27 These
tools streamline menu creation and reduce variability in di-
etary recommendations, enabling renal dietitians to provide
consistent, evidence-based advice more efficiently.
Integration with real-time clinical data has further

enhanced the relevance and timeliness of dietary recom-
mendations. For instance, Maurya et al.29 emphasized
how synchronization with electronic health records al-
lowed dietary management software to dynamically update
patient profiles based on laboratory results, ensuring that
interventions remain accurate and up-to-date.
Figure 3 provides an overview of the multifaceted appli-

cations of AI in the nutritional management of patients
with CKD.
Discussion
This systematic review highlights the transformative role

of AI technologies in nutritional care, focusing on person-
alized dietary recommendations, monitoring nutritional
parameters and predicting complications, enhancing pa-
tient education, and supporting health care provider effi-
ciency. The findings underscore how AI can
revolutionize chronic disease management, including
CKD, through advanced technological applications across
diverse care settings.30-32

AI-based algorithms for personalizing dietary recommen-
dations effectively integrate comorbidities and biochemical
markers, such as potassium. These systems offer tailored so-
lutions that align closely with the complex nutritional re-
quirements of patients with CKD. For instance, fuzzy
logic–based CDSS can generate precise macronutrient and
food group recommendations, achieving an impressive accu-
racy ratewhen comparedwith dietitian-guidedplans.23 Such
capabilities not only improve the quality of dietary recom-
mendations but also reduce the cognitive and administrative
workload for health care providers.



Figure 3. Summary of the role of AI in nutritional management for CKD patients. AI, artificial intelligence; CDSS, clinical decision
support system; CKD, chronic kidney disease; EHRs, electronic health records; ML, machine learning; XGB, extreme gradient
boosting.
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As reported in the literature, managing comorbidities in
patients with CKD significantly reduces health care
resource utilization and improves patient outcomes.33 Ac-
cording to Kidney Disease Improving Global Outcomes
(KDIGO) guidelines, addressing comorbidities such as dia-
betes is crucial in CKD management.34 The UK Prospec-
tive Diabetes Study (UKPDS) demonstrated that intensive
glucose control in patients with diabetes reduced the risk of
death and myocardial infarction, with a particularly notable
impact on patients with CKD.35,36 These findings suggest
that AI-based algorithms can serve as reliable tools to
deliver personalized diet recommendations safely and effec-
tively, ensuring that care aligns with evidence-based
guidelines.37

AI’s capability to monitor nutritional parameters and
predict complications represents a transformative advance-
ment in CKDmanagement. ML models, such as MDF and
XGB, have demonstrated exceptional predictive accuracy
for critical outcomes such as hyperkalemia and the need
for renal replacement therapy, with AUROC values
exceeding 0.95 in some studies.24,28 These tools enable
the early identification of at-risk patients, empowering cli-
nicians to implement proactive interventions and mitigate
potential complications effectively.
Numerous studies highlight the broader applicability of
AI-based algorithms in predicting outcomes across various
diseases and complications in diverse care settings.38,39 For
CKD specifically, the ability to forecast complications in
nutritional status offers immense clinical value, particularly
in the context of ethical considerations related to artificial
nutrition.40 Accurate predictions can help health care pro-
viders anticipate nutritional challenges and tailor interven-
tions accordingly, ensuring more precise and patient-
centered care. Beyond prediction, AI’s integration with
telemedicine protocols significantly enhances its utility in
monitoring nutritional status. AI-powered devices provide
user-friendly interfaces that allow patients to easily track
critical parameters, such as hydration levels, which can
guide clinicians in prescribing additional fluids.37 This
interactive approach not only simplifies disease manage-
ment but also fosters patient autonomy by encouraging
active participation in their own care. Empowered with
real-time insights, patients can make informed decisions
about their health, further reinforcing adherence to pre-
scribed dietary and therapeutic regimens.40,41 Although
the included studies provide promising evidence on AI-
driven dietary management for patients with CKD, their
generalizability is limited by cultural dietary patterns,
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particularly sodium consumption. Most studies originated
in Asian countries (India, Japan, Sri Lanka, Iran, Thailand),
where typical diets contain more sodium than Western di-
ets. Crucially, none of these studies reported on patients’so-
dium intake or compliance with the Kidney Disease
Outcomes Quality Initiative recommendation of ,2.3 g/
day.42 Given that high sodium intake drives hypertension
and accelerates CKD progression, future AI-based nutri-
tional interventions must explicitly integrate sodium targets
and adapt to local eating habits to ensure clinical relevance
and cross-cultural applicability.
Improving patient education and engagement has

emerged as a pivotal outcome of AI applications in nutri-
tional care. AI-driven platforms, such as ChatGPT and
Bard AI, provide personalized and culturally relevant
educational materials that empower patients to better un-
derstand their dietary needs and adhere to nutritional
guidelines.26,27 By tailoring recommendations to individ-
ual preferences and cultural contexts, these tools effectively
bridge communication gaps, significantly enhancing the
overall patient experience.
The effectiveness of AI in CKD nutrition also hinges on

the quality of underlying data sets. Accurate, validated food
composition and nutrient databases are essential for person-
alized recommendations. For example,Zheng et al.43 created
a publicly available benchmark data set to test large language
models’ ability to estimate nutrient content, whereas Lee
et al.44 integrated dietary, lifestyle, and biometric data from
wearables to support real-time nutrition guidance. Adopting
FAIR (findable, accessible, interoperable, reusable) princi-
ples for nutritional databaseswill further enhance data quality
and trustworthiness in AI-driven care.45

AI serves as a dynamic resource, offering a more interac-
tive and engaging learning experience for patients.46

Recent literature underscores the potential of AI to deliver
personalized educational materials, facilitate virtual consul-
tations, provide language translation tools, and utilize vir-
tual reality simulations to improve patient understanding
and satisfaction.47 These advancements exemplify how AI
can transform the patient-provider relationship, fostering
a more collaborative and participatory approach to care.
Notably, AI also plays a crucial role in enhancing the effi-

ciency of health care providers. AI-driven tools have gained
recognition for assisting physicians inmaking informed treat-
ment decisions, particularly by predicting therapy responses
and optimizing drug dosages tailored to individual patient
needs. These capabilities help minimize risks, predict poten-
tial adverse drug events, and ultimately improve patient care
outcomes.48 Furthermore, the integration of AI with tele-
medicine enables health care providers to manage patients
across long distances, ensuring quality care even in geograph-
ically remote or underserved regions.49

Furthermore, training health care professionals is essen-
tial to ensure the effective use of AI tools. Research shows
that integrating AI education into medical programs is vital
to avoid underuse or misuse,50 while UK medical students
express a strong need for targeted AI education.51 The
involvement of dietitians in developing AI-based tools is
also crucial to ensure alignment with clinical needs. AI’s
role in transforming clinical nutrition, particularly in
chronic disease management, is highlighted in studies.52,53

However, malnutrition and nutrition-related alterations
caused by acute and chronic diseases remain major health-
care concerns. In this context, AI applications hold prom-
ising potential for the future, although they are still in
development and require further research and ethical eval-
uation.54-56

While the integration of AI intomodern clinical practice
holds transformative potential, it also presents several chal-
lenges and limitations. Key concerns include ensuring the
safety of AI algorithms, as inaccuracies or errors could result
in harm to patients. In addition, adherence to regulatory
compliance remains a pressing issue, as AI-based platforms
must align with strict standards to safeguard patient privacy
and data security.57 Addressing these challenges is essential
to realize the full potential of AI in reshaping health care
delivery.

Study Limitations
This study has several limitations that warrant consider-

ation. First, no intervention studies directly compare the
effectiveness of various AI algorithms in clinical settings;
instead, existing studies evaluate individual algorithms in
isolation. Second, the limited number of studies and their
restricted geographical origins make it challenging to assess
the broader impact of AI applications across different coun-
tries and health care systems. Most studies were conducted
in Asian countries, where traditional diets tend to have a
higher sodium content compared to Western diets. None
of the studies explicitly addressed sodium intake or adher-
ence to international guidelines recommending less than
2.3 g of sodium per day for patients with CKD.42 Greater
cultural sensitivity in AI-based dietary interventions, along
with additional studies and reviews that incorporate West-
ern dietary habits, is crucial to improve the applicability and
effectiveness of AI in CKD patient care. Finally, interpret-
ing the findings requires caution, as variability in interven-
tions among the included studies prevents direct data
comparison and limits the generalizability of the results.

Future Directions
Most of the studies included in this reviewwere observa-

tional studies, highlighting the need for more rigorous
evidence-based research, such as multicenter randomized
controlled trials, to evaluate AI’s efficacy in nutritional
management for patients with CKD. Moreover, the studies
predominantly originated from Asia, leaving significant
gaps in understanding AI’s application in other regions.
Cultural and religious differences in dietary habits could
significantly influence patient interactions with AI algo-
rithms. For instance, certain foods that are staples in some
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regions may not be commonly consumed in others cul-
tures. Future research should prioritize exploring these cul-
tural variances and extending investigations to
underrepresented regions to ensure AI technologies are
globally applicable and culturally sensitive. By addressing
these gaps, future studies can enhance the adaptability and
inclusivity of AI applications, ultimately advancing nutri-
tional care for patients with CKD worldwide.

Conclusion
This review underscores the transformative potential of

AI algorithms in the nutritional management of patients
with CKD. By enabling personalized dietary recommenda-
tions, monitoring nutritional parameters, predicting com-
plications, enhancing patient education and engagement,
and improving health care provider efficiency, AI offers a
promising approach to addressing the complex challenges
associated with CKD care. While the application of AI-
based algorithms for assessing andmanaging nutritional sta-
tus in patients with CKD appears to be reliable, certain lim-
itations must be addressed to ensure their optimal
integration and effectiveness in clinical practice. Future ad-
vancements in AI technology, coupled with rigorous
research and careful consideration of cultural and ethical as-
pects, have the potential to further enhance the quality of
care for patients with CKD worldwide.

Author Contributions
S.M.P., S.M., and G.C. contributed to study design.

D.G., L.G., and A.P. contributed to data collection. G.F.,
D.G., L.G., A.P., G.V., E.F., and F.G. contributed to data
analysis. S.M.P., G.F., D.G., L.G., A.P., G.V., E.F., and
F.G. contributed to article writing. S.M.P., M.S., F.G.,
A.P., and S.M. contributed to critical revisions for impor-
tant intellectual content. S.M.P. S.M., and G.G. contrib-
uted to study supervision. All authors read and approved
the final article. S.M.P., and G.F. provided an equal contri-
bution as first authors in drafting the manuscript; F.G. and
S.M. provided equal contribution as last authors in the co-
ordination of the research group.

Acknowledgments
The authors would like to thank the ItalianNephrological Nursing So-

ciety (SIAN) for their support in the research and conduct of this study.

Supplementary Data

Supplementary data associated with this article can be
found in the online version at https://doi.org/10.1053/j.
jrn.2025.06.002.

References
1. Airhihenbuwa CO, Tseng TS, Sutton VD, Price L. Global perspectives

on improving chronic disease prevention and management in diverse settings.

Prev Chronic Dis. 2021;18:E33.
2. Subramanian M, Wojtusciszyn A, Favre L, et al. Precision medicine in

the era of artificial intelligence: implications in chronic disease management.

J Transl Med. 2020;18(1):472.

3. Thirunavukarasu AJ, Ting DSJ, Elangovan K, Gutierrez L, Tan TF,

Ting DSW. Large language models in medicine. Nat Med. 2023;29:1930-

1940.

4. Kovesdy CP. Epidemiology of chronic kidney disease: an update 2022.

Kidney Int Suppl (2011). 2022;12:7-11.

5. Palmisano A, Angileri S, Soekeland F, et al. Chronic kidney disease and

mobile health: quality of renal nutritional APPs in Italy. Acta Biomed.

2023;94:e2023169.

6. Fichadiya H, Patel V, Craici I. Role of artificial intelligence (AI) in renal

diet: PUB086. J Am Soc Nephrol. 2024:10-10S.

7. Chi YL, Chen TY, Tsai WT. A chronic disease dietary consultation sys-

tem using OWL-based ontologies and semantic rules. J Biomed Inform.

2015;53:208-219.

8. Granal M, Slimani L, Florens N, et al. Prediction tool to estimate potas-

sium diet in chronic kidney disease patients developed using a machine

learning tool: the UniverSel study. Nutrients. 2022;14:2419.

9. Norouzi J, Yadollahpour A, Mirbagheri SA, Mazdeh MM, Hosseini SA.

Predicting renal failure progression in chronic kidney disease using integrated

intelligent fuzzyexpert system.ComputMathMethodsMed. 2016;2016:6080814.

10. Jin H, Huang L, Ye J, et al. Enhancing nutritional management in peri-

toneal dialysis patients through a generative pre-trained transformers-based

recipe generation tool: a pilot study. Front Med (Lausanne). 2024;11:1469227.

11. McGrow K. Artificial intelligence: essentials for nursing. Nursing.

2019;49:46-49.

12. Sguanci M, Palomares, SM, Cangelosi G, al. et. Artificial Intelligence

in theManagement ofMalnutrition in Cancer Patients: A Systematic Review.

Adv Nutr. 2025;5:100438.

13. Clancy TR. Artificial intelligence and nursing: the future is now. J Nurs

Adm. 2020;50:125-127.

14. Dergaa I, Ben Saad H. Artificial intelligence and promoting open ac-

cess in academic publishing. Tunis Med. 2023;101:533-536.

15. Dergaa I, Chamari K, Glenn JM, Ben Aissa M, Guelmami N, Ben

Saad H. Towards responsible research: examining the need for preprint policy

reassessment in the era of artificial intelligence. EXCLI J. 2023;22:686-689.

16. Dergaa I, Fekih-Romdhane F, Hallit S, et al. ChatGPT is not ready yet

for use in providing mental health assessment and interventions. Front Psychi-

atry. 2024;14:1277756.

17. Dergaa I, Saad HB, El Omri A, et al. Using artificial intelligence for

exercise prescription in personalised health promotion: a critical evaluation

of OpenAI’s GPT-4 model. Biol Sport. 2024;41:221-241.

18. PageMJ,McKenzie JE,BossuytPM,et al. ThePRISMA2020 statement:

an updated guideline for reporting systematic reviews. BMJ. 2021;372:n71.

19. Brown D. A review of the PubMed PICO tool: using evidence-based

practice in health education. Health Promot Pract. 2020;21:496-498.

20. Sguanci M, Mancin S, Piredda M, De Marinis MG. Protocol for con-

ducting a systematic review on diagnostic accuracy in clinical research. Meth-

odsX. 2024;12:102569.

21. Moola S, Munn Z, Tufanaru C, et al. Chapter 7: systematic reviews of

etiology and risk. In: Aromataris E, Munn Z, eds. JBI Manual for Evidence Syn-

thesis. JBI. https://synthesismanual.jbi.global.

22. Morales Palomares S, Parozzi M, Ferrara G, et al. Olfactory dysfunc-

tions and chronic kidney disease: a scoping review. J Ren Nutr. 2025;35:4-14.

23. Marashi-Hosseini L, Jafarirad S, Hadianfard AM. A fuzzy based dietary

clinical decision support system for patients with multiple chronic conditions

(MCCs). Sci Rep. 2023;13:12166.

24. Wickramasinghe M, Perera D, Kahandawaarachchi K. Dietary predic-

tion for patients with chronic kidney disease (CKD) by considering blood po-

tassium level using machine learning algorithms. IEEE Life Sci Conf. 2017.

25. Banerjee A, Noor A, Siddiqua N, Uddin MN. Food recommendation

using machine learning for chronic kidney disease patients. In: 2019 Interna-

tional Conference on Computer Communication and Informatics (ICCCI). IEEE;

2019:1-5.

https://doi.org/10.1053/j.jrn.2025.06.002
https://doi.org/10.1053/j.jrn.2025.06.002
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref1
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref1
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref1
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref2
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref2
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref2
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref3
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref3
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref3
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref4
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref4
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref5
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref5
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref5
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref6
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref6
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref7
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref7
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref7
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref8
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref8
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref8
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref9
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref9
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref9
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref10
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref10
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref10
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref11
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref11
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref12
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref12
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref12
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref13
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref13
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref14
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref14
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref15
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref15
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref15
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref16
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref16
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref16
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref17
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref17
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref17
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref18
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref18
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref19
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref19
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref20
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref20
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref20
https://synthesismanual.jbi.global
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref22
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref22
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref23
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref23
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref23
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref24
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref24
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref24
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref25
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref25
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref25
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref25


AI AND NUTRITION IN CHRONIC KIDNEY DISEASE 23
26. Wang LC, Zhang H, Ginsberg N, Nandorine Ban A, Kooman JP,

Kotanko P. Application of ChatGPT to support nutritional recommendations

for dialysis patients: a qualitative and quantitative evaluation. J Ren Nutr.

2024;34:477-481.

27. Qarajeh A, Tangpanithandee S, Thongprayoon C, et al. AI-Powered

renal diet support: performance of ChatGPT, bard AI, and bing chat. Clin

Pract. 2023;13:1160-1172.

28. Kanda E, Okami S, Kohsaka S, et al. Machine learning models predict-

ing cardiovascular and renal outcomes and mortality in patients with hyperka-

lemia. Nutrients. 2022;14:4614.

29. Maurya A, Wable R, Shinde R, Sebin J, Jadhav R, Dakshayani R.

Chronic kidney disease prediction and recommendation of suitable diet

plan by using machine learning. In: International Conference on Nascent Technol-

ogies in Engineering (ICNTE 2019). IEEE; 2019.

30. Sguanci M,Mancin S, Gazzelloni A, et al. The internet of things in the

nutritional management of patients with chronic neurological cognitive

impairment: a scoping review. Healthcare. 2025;13:23.

31. Al Kuwaiti A, Nazer K, Al-Reedy A, et al. A review of the role of arti-

ficial intelligence in healthcare. J Pers Med. 2023;13:951.

32. Koski E, Murphy J. AI in healthcare. Stud Health Technol Inform.

2021;284:295-299.

33. Li Y, BarveK, CockrellM, et al.Managing comorbidities in chronic kid-

ney disease reduces utilization and costs. BMC Health Serv Res. 2023;23:1418.

34. Navaneethan SD, Zoungas S, Caramori ML, et al. Diabetes manage-

ment in chronic kidney disease: synopsis of the 2020 KDIGO clinical practice

guideline. Ann Intern Med. 2021;174:385-394.

35. Adler AI, Coleman RL, Leal J, Whiteley WN, Clarke P, Holman RR.

Post-trial monitoring of a randomised controlled trial of intensive glycaemic

control in type 2 diabetes extended from 10 years to 24 years (UKPDS 91).

Lancet. 2024;404:145-155.

36. Pugh D, Gallacher PJ, Dhaun N. Management of hypertension in

chronic kidney disease.Drugs. 2019;79:365-379 [published correction appears

in Drugs. 2020 Sep;80(13):1381. doi: 10.1007/s40265-020-01388-8].

37. Singareddy S, Sn VP, Jaramillo AP, et al. Artificial intelligence and its

role in the management of chronic medical conditions: a systematic review.

Cureus. 2023;15:e46066.

38. Baxi V, Edwards R, Montalto M, Saha S. Digital pathology and artifi-

cial intelligence in translational medicine and clinical practice. Mod Pathol.

2022;35:23-32.

39. ChungH, Ko Y, Lee IS, et al. Prognostic artificial intelligence model to

predict 5 year survival at 1 year after gastric cancer surgery based on nutrition

and body morphometry. J Cachexia Sarcopenia Muscle. 2023;14:847-859.

40. Bond A, Mccay K, Lal S. Artificial intelligence & clinical nutrition:

what the future might have in store. Clin Nutr ESPEN. 2023;57:542-549.

41. Smuck M, Odonkor CA, Wilt JK, Schmidt N, Swiernik M. The

emerging clinical role of wearables: factors for successful implementation in

healthcare. NPJ Digit Med. 2021;4:45.
42. Ikizler TA, Burrowes JD, Byham-Gray LD, et al. KDOQI clinical prac-

tice guideline for nutrition in CKD: 2020 update.Am J Kidney Dis. 2020;76(1

Suppl 1):S1-S107.

43. Hua A, Dhaliwal MP, Dhaliwal MP, Burke R, Qin Y. NutriBench: a

dataset for evaluating large language models in carbohydrate estimation

from meal descriptions. arXiv. 2024.

44. Romero-Tapiador S, Lacruz-Pleguezuelos B, Tolosana R, et al. AI4-

FoodDB: a database for personalized e-Health nutrition and lifestyle through

wearable devices and artificial intelligence.Database (Oxford).2023;2023:baad049.

45. Li Z, Forester S, Jennings-Dobbs E, Heber D. Perspective: a compre-

hensive evaluation of data quality in nutrient databases. Adv Nutr.

2023;14:379-391.

46. Robinson CL, D’Souza RS, Yazdi C, et al. Reviewing the potential

role of artificial intelligence in delivering personalized and interactive pain

medicine education for chronic pain patients. J Pain Res. 2024;17:923-929.

47. Thorat V, Rao P, Joshi N, Talreja P, Shetty AR. Role of artificial intel-

ligence (AI) in patient education and communication in dentistry. Cureus.

2024;16:e59799.

48. Alowais SA, Alghamdi SS, Alsuhebany N, et al. Revolutionizing

healthcare: the role of artificial intelligence in clinical practice. BMC Med

Educ. 2023;23:689.

49. Salinari A, Mach�ı M, Armas Diaz Y, et al. The application of digital

technologies and artificial intelligence in healthcare: an overviewon nutrition

assessment. Diseases. 2023;11:97.

50. Park SH, Do KH, Kim S, Park JH, Lim YS. What should medical stu-

dents know about artificial intelligence in medicine? J Educ Eval Health Prof.

2019;16:18.

51. Sit C, Srinivasan R, Amlani A, et al. Attitudes and perceptions of UK

medical students towards artificial intelligence and radiology: a multicentre

survey. Insights Imaging. 2020;11:14.

52. Phalle A, Gokhale D. Navigating next-gen nutrition care using artifi-

cial intelligence-assisted dietary assessment tools—a scoping review of poten-

tial applications. Front Nutr. 2025;12:1518466.

53. Tagne Poupi TA, Nfor KA, Kim JI, Kim HC. Applications of artificial

intelligence, machine learning, and deep learning in nutrition: a systematic re-

view. Nutrients. 2024;16:1073.

54. Holwerda A, Park OH, Albracht-Schulte K, et al. The role of artifi-

cial intelligence in nutrition research: a scoping review. Nutrients.

2024;16:2066.

55. Mancin S. Probiotics as adjuvant therapy in the treatment of Allergic

Rhinitis. Res J Pharm Technol. 2023;16:2393-2398.

56. Starace E, De Pasquale G, Morenghi E, et al. Hospital malnutrition in

the medicine and neurology departments: a complex challenge. Nutrients.

2023;15:5061.

57. Sharma S, Rawal R, Shah D. Addressing the challenges of AI-based

telemedicine: best practices and lessons learned. J Educ Health Promot.

2023;12:338.

http://refhub.elsevier.com/S1051-2276(25)00126-8/sref26
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref26
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref26
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref26
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref27
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref27
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref27
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref28
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref28
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref28
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref29
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref29
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref29
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref29
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref30
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref30
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref30
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref31
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref31
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref32
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref32
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref33
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref33
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref34
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref34
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref34
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref35
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref35
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref35
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref35
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref36
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref36
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref36
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref37
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref37
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref37
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref38
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref38
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref38
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref39
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref39
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref39
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref40
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref40
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref41
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref41
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref41
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref42
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref42
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref42
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref43
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref43
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref43
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref44
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref44
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref44
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref45
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref45
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref45
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref46
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref46
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref46
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref47
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref47
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref47
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref48
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref48
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref48
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref49
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref49
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref49
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref49
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref50
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref50
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref50
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref51
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref51
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref51
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref52
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref52
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref52
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref53
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref53
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref53
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref54
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref54
http://refhub.elsevier.com/S1051-2276(25)00126-8/sref54
http://refhub.elsevier.com/S1051-2276(25)00126-8/optj1XBVTYfrv
http://refhub.elsevier.com/S1051-2276(25)00126-8/optj1XBVTYfrv
http://refhub.elsevier.com/S1051-2276(25)00126-8/optTTGE30kwKN
http://refhub.elsevier.com/S1051-2276(25)00126-8/optTTGE30kwKN
http://refhub.elsevier.com/S1051-2276(25)00126-8/optTTGE30kwKN
http://refhub.elsevier.com/S1051-2276(25)00126-8/optSKZkrnHQ1S
http://refhub.elsevier.com/S1051-2276(25)00126-8/optSKZkrnHQ1S
http://refhub.elsevier.com/S1051-2276(25)00126-8/optSKZkrnHQ1S

	The Impact of Artificial Intelligence Technologies on Nutritional Care in Patients With Chronic Kidney Disease: A Systemati ...
	Introduction
	Methods
	Protocol and Registration
	Formulation of Research Question
	Eligibility Criteria
	Search Strategy
	Selection of Evidence Sources
	Risk of Bias and Methodological Quality Assessment
	Data Extraction and Synthesis

	Results
	Characteristics of the Studies Included
	AI in Personalization of Dietary Recommendations
	AI in Monitoring Nutritional Parameters and Predicting Complications
	AI in Enhancing Patient Education and Engagement
	AI in Supporting Health Care Provider Efficiency

	Discussion
	Study Limitations
	Future Directions

	Conclusion
	Author Contributions
	Acknowledgments
	Supplementary Data
	References


