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NARRATIVE REVIEW

Artificial intelligence (AI) is increasingly transforming the care of patients with kidney failure undergoing dialysis, driven by
advances in machine learning (ML) and deep learning (DL), alongside the availability of large, structured, and longitudinal clinical
datasets and advances in computational resources. Dialysis practice is uniquely suited to AI applications due to its data-dense
environment, characterised by repetitive treatments, continuous physiological monitoring, and integration with electronic health
records and global registries. Early rule-based systems from the 1980s have evolved into sophisticated data-driven models capable
of capturing complex, non-linear clinical relationships.
This review examines contemporary and emerging AI applications across the dialysis care continuum, including dialysis initiation,
vascular access planning and surveillance, dialysis adequacy assessment, peritoneal dialysis peritonitis management, nutritional
optimisation, intradialytic haemodynamic stability, anaemia management, and prediction of cardiovascular events and mortality.
Across these domains, AI models—ranging from artificial neural networks to ensemble and reinforcement learning
approaches—have consistently demonstrated superior predictive performance compared with traditional statistical methods, with
potential to enable real-time, individualised clinical decision-making capable of continuous performance improvement.
AI-driven tools are increasingly transitioning from retrospective risk prediction to prospective, actionable decision support,
including integration into dialysis machines and clinical dashboards. These developments support a shift toward proactive,
personalised, and adaptive dialysis care. However, significant challenges remain, including data heterogeneity, limited external
validation, model interpretability, workflow integration barriers, and concerns regarding data governance, privacy, and
medico-legal accountability.
Future progress will depend on multicentre validation, harmonisation of registry data, and development of explainable,
clinician-in-the-loop systems. With these advances, AI has the potential to redefine dialysis care through continuously learning,
patient-centred clinical ecosystems.
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access, Renal anaemia management, Cardiovascular mortality
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INTRODUCTION

Artificial intelligence (AI) is a broad discipline focused on
developing computational systems capable of performing tasks
that traditionally require human intelligence, such as pattern
recognition, reasoning, judgment, decision-making, and
prediction.(1, 2) Machine learning (ML) constitutes the core
methodological engine of contemporary AI, particularly in
medicine, as it enables systems to learn patterns and generate
predictions directly from data rather than relying on explicitly
programmed rules.(2, 3) While algorithmic robustness and
computational capacity are important, the reliability of medical
AI models is determined primarily by the quality,
representativeness, and clinical relevance of the data used for
training, rather than by model complexity alone.(3, 4)

The rapid advancement of AI, particularly deep learning
(DL)–based methods, has the potential to transform AI-assisted
healthcare at an unprecedented pace.(5, 6) AI-based tools are
already playing increasingly important roles across multiple
medical specialties, including nephrology, where they are being
applied to improve the care of patients with kidney disease,
dialysis patients, and transplant recipients.(7) The core concepts,
perspectives, broad clinical applications, and challenges of AI in
nephrology have been reviewed previously.(7, 8)

Building on this foundation, the present review focuses in greater
depth on the current and emerging applications of AI-based tools
in the care of patients with kidney failure undergoing dialysis.

Why AI-based tools are suited for dialysis practice
The typical dialysis patient journey—from advanced stage 5
chronic kidney disease through dialysis planning, dialysis access
creation, treatment initiation, maintenance therapy, and
complication management—generates a wealth of data, much of
it numerical, structured, and highly reproducible. The frequent
and repeated interactions between dialysis patients and healthcare
systems produce large volumes of longitudinal data at the
individual patient level, many of which are directly relevant to
their clinical outcomes and well suited for training AI models.
Modern dialysis equipment, including haemodialysis (HD) and
peritoneal dialysis (PD) cycler machines, continuously generate
high-resolution treatment and physiological data during therapy
delivery. Although the volume and granularity of these data often
exceed what can be comprehensively reviewed and judged by the
clinicians in routine practice, they can be systematically captured
through electronic systems and incorporated into AI training
pipelines. Large volumes of geographically diverse, clinically
rich, and standardized real-world data on kidney failure patients
are captured across up to 79 registries spanning 77 countries,
including the United States Renal Data System (USRDS),
Australia and New Zealand Dialysis and Transplant Registry
(ANZDATA), and European Renal Association (ERA-EDTA)
Registry.(9) Harmonisation and accessibility of these datasets
could enable the development of robust AI models, supporting

widely generalisable clinical decision tools with global
applicability. Collectively, the data-dense and highly standardised
nature of dialysis care makes it an ideal clinical domain for the
development, testing, and implementation of medical AI tools.

RULE-BASED ALGORITHMIC PRECURSORS TO
MODERN AI IN DIALYSIS

The earliest applications of computer-assisted, algorithm-based
approaches in dialysis date back to the 1980s and early 1990s,
when clinical and biochemical data were used to support the
generation of individualised dialysis prescriptions. (10) These
tools were predominantly rule-based expert systems, similar to
those being explored contemporaneously in other areas of
medicine and reflected early aspirations toward artificial
intelligence–assisted clinical decision-making.(11, 12) They
relied on explicitly encoded clinician rules rather than data-driven
learning and were constrained by limited computational resources
and the absence of large, digitised clinical datasets.(13) Despite
these limitations, these early systems established the foundational
concept that dialysis decision-making can be augmented through
computational assistance, paving the way for subsequent
data-driven AI approaches.(14, 15)

The transition from rule-based systems to data-driven ML
occurred in the 1990s, when artificial neural networks (ANNs)
and non-linear regression models were first applied to dialysis
patients.(16, 17) At a fundamental level, many contemporary AI
systems are built using ANNs, which are computational models
composed of interconnected nodes, often referred to as
“neurons”.(18) These neurons are not physical structures, but
software-implemented mathematical constructs defined by
weighted inputs, bias terms, and activation functions that perform
customised arithmetic operations. This terminology reflects the
historical origin of ANNs in simplified mathematical abstractions
of biological neural activity, beginning with McCulloch and Pitts’
threshold neuron model,(19) and Rosenblatt’s perceptron.(20)
Neural networks are computational systems inspired by the
brain’s ability to learn internal representations from experience,
although these models remain highly simplified abstractions of
biological neurons.(21)

Early studies from the 1990s demonstrated that ANNs trained on
patient-level data outperformed traditional regression-based
formulas, such as Syme’s and Daugirdas’ equations, in predicting
equilibrated Kt/V,(16) and achieved greater accuracy than
non-linear mixed-effects models for anticoagulation
modelling.(17) These findings highlighted the ability of neural
networks to capture complex, non-linear relationships and to
remain relatively robust in the presence of noisy or incomplete
clinical data when appropriately trained.(22)

Early ANNs, which had limited capacity to model highly
complex data, subsequently evolved into convolutional neural
networks (CNNs) through the incorporation of convolutional and
pooling layers, enabling efficient learning from high-dimensional,
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spatially structured inputs.(23) The rapid progress of AI in
medicine over the past decade has been largely driven by
advances in DL - particularly the development of CNN
architectures - together with the convergence of large-scale
clinical datasets, substantial gains in computational power, and
the availability of scalable digital infrastructure.(23, 24)
DL-based computer vision (CV) methods have been influential
particularly in medical imaging and other spatially structured
data, while the advances in natural language processing (NLP),
especially transformer based language models enabled AI
systems to process unstructured clinical text.(18, 23) Together,
these developments have expanded medical AI beyond structured
prediction tasks to imaging, signal analysis, clinical
documentation, and decision support.

The following sections examine the specific domains of dialysis
care—ranging from dialysis initiation, vascular access planning,
surveillance and complications, dialysis prescription optimisation,
intradialytic complications and outcome predictions - in which
AI-based tools have demonstrated practical clinical value. Studies
such as the prediction of the development of COVID infection in
the HD population (25, 26)– topics not directly related to the
dialysis process are not covered in this review.

DIALYSIS INITIATION:

The question of when to start dialysis for kidney failure is not
fully resolved.(27) Despite a focus on the e-GFR based thresholds
in routine clinical practice, the decision is far more complex and
influenced by many factors, including symptoms and signs
related to kidney failure.(28, 29) Such a multidimensional
approach is reflected in the KDOQI haemodialysis clinical
practice guidelines, which recommend that dialysis initiation
should be based on clinical signs and symptoms in conjunction
with kidney function rather than kidney function alone.(30)
Emerging AI models try to integrate multidimensional clinical
information and may, following prospective validation, inform
future guideline development and support more individualised
decision-making.

Early applications of AI to dialysis initiation have focused on
addressing the long-standing limitation of eGFR-based thresholds
by integrating multidimensional clinical information into
decision-support tools. A retrospective study developed and
externally validated a neural network model across large
multicentre cohorts, demonstrating superior discrimination for
predicting 3-year survival after dialysis initiation compared with
eGFR alone (AUROC ~0.70 vs ~0.54), underscoring the
inadequacy of eGFR as the sole guiding tool.(31) Using a similar
‘Dialysis Initiation Fuzzy Equation (DIFE)’ that combines
biochemical parameters, symptoms, and clinical context, has been
proposed and planned to be examined in a multicentre
randomised controlled trial designed to test whether AI-guided
initiation improves 3-year mortality and clinical outcomes
compared with conventional initiation strategies.(32)

Collectively, these studies suggest that AI-based, integrative
frameworks may better capture the physiological complexity
surrounding dialysis initiation than traditional thresholds and
subjective assessments, which can be highly varied in clinical
practice. Looking ahead, successful translation of such models
into routine practice will depend on the demonstration of
patient-centred benefit, seamless integration into clinical
workflows, and evolution toward adaptive, continuously learning
systems that personalise dialysis initiation timing rather than
relying on rigid biochemical cut-offs.

DIALYSIS ACCESS: ARTERIO-VENOUS FISTULA
AND GRAFTS

Arterio-venous fistulas (AVF) are considered the gold standard
vascular access for haemodialysis because of their low infection
rates, prolonged patency, and improved durability.(33) However,
the creation and long-term maintenance of AVF remain
challenging, with a substantial burden of primary non-function,
ongoing access dysfunction, and frequent need for repeated
reinterventions.(34) The standard approach to overcome these
barriers include target vessel mapping prior to AVF creation,
active ultrasound surveillance and proactive interventions to
maintain assisted patency.(33)

AI applications have been assessed in the domain of AVF
planning and longitudinal outcome prediction. Simplified staging
systems such as Arterio-venous access stage (AVAS) system,
incorporating clinical history, examination, and limited
measurements, and augmented by ML, approached the diagnostic
performance of comprehensive ultrasound mapping while being
more feasible for routine clinical use.(35) ML models using
preoperative clinical data have shown strong performance for
predicting AVF maturation approaching 97% accuracy in
estimating postoperative flows. (36) Analysis of large,
RCT-derived datasets using ML-supported Cox models has
enabled robust prediction of long-term arteriovenous fistula
patency and re-intervention burden incorporating early
postoperative ultrasound data, and demonstrated the feasibility of
individualized prediction via clinician-facing web
applications.(37)

Most of the published AI applications in the field of AV access
have focused on AVF surveillance and dysfunction. Although
auscultation of an AVF can offer valuable clues about access
health and maturation, its inherently subjective nature limits
reliability, often necessitating reliance on ultrasound surveillance,
which is more costly and less accessible. AI applications for AV
access using ‘AVF sounds’ in dialysis have shown promise in
enhancing the reliability of AVF surveillance by leveraging
acoustic signal analysis to overcome the inherent subjectivity of
clinical auscultation.

Early rule-based AI systems using fuzzy Petri nets demonstrated
that phonoangiographic spectral features could classify AV shunt
stenosis more accurately than human assessment.(38) Subsequent
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proof-of-concept ML approaches analysing AVF sound patterns
enabled low-cost, non-invasive surveillance strategies (39) while
CNN-based models achieved accuracies exceeding 90% for
grading stenosis-related AVF sounds.(40) More recent DL studies
have reported near-perfect diagnostic performance, with
discrimination against angiographic reference standards reaching
an AUC of 0.99 for detecting ≥50% AVF stenosis.(41) Similarly,
contrastive learning–based DL models using
smartphone-recorded AVG sounds from arterial and venous
sides, transformed to spectrograms, demonstrated >90% accuracy
for detecting AVG stenosis.(42) Lightweight CNNs have further
demonstrated the feasibility of translating these technologies to
the bedside through deployment on local, resource-limited
devices, achieving near-perfect classification with minimal
computational burden.(43)

AI has also been applied to the field of AVF complications,
including thrombosis and high-flow states. ML models
demonstrated excellent discriminative performance (AUROC
0.86–0.90) for predicting AVF thrombosis.(44) Larger
retrospective studies demonstrated very high discrimination
(AUROC > 0.95), SHAP analysis provided quantitative insight
into how predictors influenced model outputs, enhancing the
potential for personalised and evidence-based clinical
interventions.(45)

While a mature, functioning AVF is essential for effective
haemodialysis delivery, a proportion of AVF patients develop
high-flow fistulas, with flows reaching up to 4000 mL/min, with
potential adverse cardiovascular health impact.(46) In a cohort of
366 patients, bootstrap forest–based ML models predicted the
development of high-flow AVFs (>2000 mL/min) with excellent
discriminative performance (AUC ≈ 0.94), with approximately
30% of prevalent HD patients affected.(47) Finally,
implementation of a real-time ML analytics platform within
routine care was associated with improved vascular access
management and lower predicted costs, supporting greater
efficiency and highlighting the potential for AI-driven approaches
to inform future standards of care in dialysis therapy. (48)

Overall, many of these AI tools in this context are best viewed as
decision-support adjuncts rather than autonomous clinical
replacements. Models with multi-centre data, external validation,
interpretable outputs, and deployable dashboards appear most
ready for individual patient care, whereas highly accurate
single-centre acoustic or retrospective models still require broader
validation.

DIALYSIS ADEQUACY

Urea kinetic modelling (UKM) has long provided the
mathematical framework for quantifying dialysis adequacy,
though reliance on small-solute urea clearance alone fails to fully
capture the broader clinical impact of dialysis, including
mortality, patient-centred outcomes, and quality of life.(49)
However, dialysis adequacy is distinct from the broader quality of

dialysis patient management, and Kt/V (urea), derived from
UKM, remains the predominant metric widely used to quantify
delivered dialysis dose.(30)

The estimation of Kt/V (urea) in clinical settings most commonly
relies on single-pool kinetics, which are susceptible to error due
to post-dialysis urea rebound. While variable-volume,
double-pool models provide more accurate estimates of urea
generation and clearance,(50) their technical requirements -
particularly the need for delayed post-dialysis blood sampling -
limit their feasibility for routine clinical use.

AI based approaches to estimating dialysis adequacy have been
investigated for more than two decades, with early efforts centred
on ANNs to address the limitations of formula-based Kt/V
calculations and the impracticality of repeated blood sampling.
Initial studies demonstrated that ANNs could accurately predict
Kt/V and equilibrated urea kinetics using dialysate-side
measurements and routinely available treatment data, often
matching or outperforming experienced nephrologists and
conventional urea reduction–based methods.(51, 52) Subsequent
validation studies confirmed that ANN-based models achieved
comparable or superior diagnostic performance to established
Kt/V formulas, with lower false-positive rates and strong
correlations with measured equilibrated urea concentrations. (53)
Notably, ANN models were able to estimate equilibrated Kt/V
without post-dialysis blood sampling, achieving very high
correlations (up to r = 0.97) and more accurate estimation of urea
rebound than traditional methods.(54) Together, these early
studies provided proof-of-concept that AI could deliver reliable,
clinically meaningful assessments of dialysis adequacy and
potentially substitute conventional kinetic approaches in routine
practice.

More recent studies have expanded this concept using modern
ML and data-driven techniques applied to large-scale, routinely
collected dialysis data. Fuzzy logic systems and graph-based
Takagi–Sugeno–Kang models have demonstrated that dialysis
adequacy can be approximated using non-invasive clinical and
intradialytic variables, achieving low prediction errors.(55) ML
ensemble models, including XGBoost and Random Forests,
trained on continuously captured HD machine data, have
consistently outperformed conventional regression approaches,
demonstrating strong correlations and low prediction errors
across thousands of dialysis sessions.(56) These approaches
belong to a broader class of tree-based ensemble methods, which
make predictions by combining many simple prediction pathways
rather than relying on a single statistical equation. Random
Forests generate multiple such prediction pathways in parallel
and combine their outputs, making the final prediction less
dependent on any one unstable pattern in the dataset.(57)
XGBoost uses a sequential strategy, where, instead of building
many prediction pathways independently, it builds them step by
step, with each new component focusing on the errors left by the
previous ones.(58) This allows the model to progressively
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improve its predictions in complex datasets where relationships
are nonlinear or difficult to capture using conventional
techniques. This may also explain why ensemble methods such as
Random Forests and XGBoost perform well with dialysis data
where the outcome is influenced by several overlapping complex
factors such as blood flow, dialysate flow, treatment duration,
membrane characteristics, blood chemistry levels, patient
physiological parameters and so on.

Contemporary studies have further shown robust discrimination
for clinically relevant adequacy thresholds, with AU-ROC values
around 0.86–0.88 and preserved performance even in simplified,
non-invasive models relying solely on general patient
characteristics and dialysis-related parameters.(59, 60)
Collectively, these findings suggest a trajectory toward real-time,
individualized assessment of dialysis adequacy, with less reliance
on blood tests and the potential for tools integratable with dialysis
machines and clinical decision-support systems. This could
enable us to personalize prescriptions, improve efficiency, and
facilitate more adaptive, patient-centred dialysis care.

PD PERITONITIS AND TECHNIQUE FAILURE (HD
TRANSFER)

PD peritonitis is a common serious complication of long-term PD
which is currently managed using criteria-based diagnostic
frameworks, with definitive confirmation pending formal culture
results, and initial treatment using rule-based empiric antibiotic
protocols. (61) This approach, while effective, may in the future
be refined or supplanted by adaptive, AI-driven decision systems
capable of real-time individualised prediction and therapy
optimisation.

ML approaches can provide new insights by analysing peritoneal
effluent immune cell populations together with inflammatory and
regulatory cytokines and chemokines. ML-based methods can
identify pathogen-specific immune “fingerprints,” enabling
discrimination between different classes of causative organisms
based on distinct cellular and cytokine signatures.(62) On the
treatment front, model-free ML approaches have accurately
predicted intraperitoneal antibiotic concentrations and clinically
relevant exposure thresholds, outperforming traditional
compartment-based pharmacokinetic models following
intraperitoneal antibiotic administration.(63) While the
implementation of these approaches could be several years away,
they provide a potential for individualized therapy of PD
peritonitis which could be more effective and favourably impact
the risk of mortality, morbidity and HD transfer, in this
population .(61)

Artificial intelligence–based approaches to predicting PD
technique failure (HD transfer) have been explored for more than
a decade. Early work demonstrated ANNs outperformed logistic
regression in predicting early PD technique failure.(64) More
recent studies have expanded predictive capacity by integrating
mesothelial–mesenchymal transition biomarkers with clinical and

longitudinal data, enabling more granular prediction of peritoneal
dialysis endurance and downstream complications, with
month-level accuracy in forecasting PD technique survival.(65)

DIET IN KIDNEY FAILURE

AI has been applied to nutritional assessment and dietary
management in kidney failure for over two decades, addressing
long-standing challenges in accurately estimating dietary intake
and identifying patients at nutritional risk. Early studies
demonstrated that ANNs could predict short-term dietary protein
intake in haemodialysis patients more accurately than
experienced nephrologists, highlighting the capacity of
data-driven models to capture complex dietary patterns, with
performance closely linked to the size and heterogeneity of the
training population. (52) More recently, explainable ML models
have shown value in identifying patients at risk of protein–energy
wasting, achieving good discrimination (AUC ≈ 0.83) while
providing interpretable predictors that support earlier and more
objective nutritional intervention.(66) AI applications have also
been extended into nutritional decision support, with a Generative
Pre-trained Transformer (GPT)-based dietary recommendation
system using real-time food image analysis improving the
accuracy of dietary potassium estimation and achieving clinically
meaningful reductions in pre-dialysis hyperkalaemia.(67) This
highlights the potential of AI-assisted tools to deliver
individualized dietary guidance.

VOLUME AND INTRA-DIALYTIC HYPOTENSION

Initial application of AI in managing dialysis related
haemodynamic challenges focused on improving the prediction of
intra-dialytic hypotension (IDH) and streamlining volume status
assessment. Early studies demonstrated that ANNs could
outperform experienced nephrologists in predicting IDH, as well
as estimate key physiological parameters such as total body water
and dry weight with greater accuracy than traditional
anthropometric or equation-based approaches.(52, 68) By
integrating real-time blood pressure (BP) and ultrafiltration rate
(UFR) inputs, fuzzy logic systems progressed from prediction to
active control, showing that AI-embedded ultrafiltration
modulation within dialysis machines significantly reduces severe
IDH while preserving fluid removal goals.(69) As data density
and computational capacity expanded, ML models became
increasingly capable of capturing the non-linear physiological
dynamics of haemodialysis. Support vector regression, followed
by ensemble and DL approaches, outperformed linear methods in
modelling blood volume, heart rate responses, and dry weight
using routinely collected clinical and bioimpedance data,(70-72)
marking a shift from rule-based control toward more flexible,
high-dimensional physiological modelling. Recurrent neural
networks and gradient-boosting models leveraging
high-frequency dialysis machine data and time-stamped vital
signs have enabled near real-time prediction of rapid blood
volume contraction and IDH, demonstrating excellent
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discriminative performance (AU-ROC ≥0.89) across large and
diverse dialysis cohorts.(73-75) These advances have shifted AI
systems from retrospective risk modelling techniques toward
actionable, real-time point-of-care tools capable of supporting
timely and targeted clinical actions.

Personalized dashboards that integrate historical and real-time
dialysis data have further enhanced the ability to predict IDH - up
to an hour in advance and have been associated with measurable
reductions in hypotension rates following implementation in
routine clinical practice. (76)

Explainable ML frameworks and techniques such as generative
adversarial networks (GAN) based data balancing and temporal
knowledge graphs have further improved robustness,
interpretability, and longitudinal risk prediction, enabling early
warning of both hypotensive and hypertensive events across
diverse patient trajectories.(77-80)

Collectively, these studies point toward a future in which
AI-driven, continuously learning systems are embedded within
dialysis machines and clinical workflows, enabling adaptive
ultrafiltration, and pre-emptive prevention of haemodynamic
instability—moving haemodialysis care from reactive
management to proactive patient-specific therapy.

RENAL ANAEMIA / ERYTHROPOIETIN (EPO)
THERAPY:

Renal anaemia management is inherently complex, requiring
regular monitoring of haemoglobin and iron indices, ongoing
individualized titration of erythropoietin dosing, and haematinic
supplementation as clinically indicated, as well as careful
identification and management of non-renal contributors to
anaemia when present.(81)

AI-based tools could inform optimal dosing strategies and
improve treatment efficiency. ML models, including support
vector regression and ANNs, could predict individual EPO dosing
more accurately than experienced nephrologists, substantially
improving sensitivity for identifying under-treated patients while
maintaining high specificity.(82, 83) Training ANNs on large
multicentre datasets yielded robust and generalisable
haemoglobin prediction models, with residual errors
predominantly reflecting intercurrent clinical events rather than
limitations in the models themselves.(84, 85) Hybrid systems
combining ANNs with model predictive control frameworks
reduced haemoglobin variability and improved time within target
ranges compared with standard anaemia protocols, in both
simulation and clinical settings, albeit in small patient
cohorts.(86)

Expert-trained AI systems have demonstrated high clinical
appropriateness in recommending ESA and iron therapy, which
are required for safe clinical deployment.(87)
Reinforcement-learning–based personalized dosing policies and
explainable ML models have consistently improved haemoglobin

target attainment while reducing ESA dose and variability,
underscoring their efficiency and implementation readiness.(88,
89) Decision support systems powered by AI can lower costs and
improve quality of life even when applied at a population level,
as demonstrated in health-economic modelling studies.(90)

MORTALITY / SURVIVAL / CV EVENTS:

Cardiovascular and non-cardiovascular mortality are 10-20 times
higher in dialysis patients compared to general population.(91)
Though the secular trends in cardiovascular mortality indicate a
gradual reduction over the years in some dialysis patients, the
excess cardiovascular risk when compared to the general
population is in fact increasing.(92) Early identification of at-risk
individuals using AI-based approaches, which have the ability to
discern complex non-liner relationship between variables,(93)
might permit aggressive interventions with the potential for
outcome benefits.

ML models using random forests, non-linear support vector
machines and ensemble models accurately predicted ischaemic
heart disease, and mortality including sudden cardiac death in in
the US, European and Japanese patients by leveraging pre- and
post-dialysis electronic health information.(94-96). A simplified
interpretable ML model predicted all-cause mortality and time to
death utilizing only clinical data without laboratory results, with
greater accuracy compared to regression models.(97) ML
predictive models in general have been shown to be highly
reliable in early identification of high-risk subjects, potentially
enabling early interventions.(93)

AI-models retain the ability to predict mortality across multiple
time horizons after dialysis initiation. XGBoost-based ML model
discriminated risk of mortality within 90 days with excellent
calibration, among 1 million subjects from USRDS data over 10
years.(98) Similar models have demonstrated impressive
AUC-ROC values ranging from 0.933-0.979 in predicting 1-year,
4-year and 7-year mortality.(99) An autoencoder-driven DL
framework that leverages short-term HD data (93) (61) predicted
near- and medium-term mortality with high accuracy despite
substantial missing data, (22) which is a common problem with
health information databases.

There is a strong relationship between high BP and
cardiovascular death in the general population, as well as dialysis
patients, and BP lowering significantly improves all-cause and
cardiovascular mortality in dialysis patients.(100) DL models
based on CNNs using data from multiple HD sessions identified
clinically meaningful longitudinal blood pressure patterns during
haemodialysis and substantially improved prediction of 1-year
mortality compared with single-session analyses, demonstrating
the value of accrued treatment information.(101) ML models in
PD patients also has demonstrated BP patterns, namely
visit-to-visit BP variability to be an important predictor of CV
mortality and outcomes.(102)
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A fuzzy logic–based clinical decision support system provided
risk stratification aligned with clinician judgement regarding
cardiovascular disease risk in diabetic HD patients.(103) ML
models incorporating bio-markers such as circulating microRNA
profiles and interleukin IL12p70, significantly improved
cardiovascular risk prediction in HD patients beyond
conventional clinical variables.(104, 105)

DL models, have improved mortality prediction in peritoneal
dialysis patients as much as in haemodialysis patients, especially
in capturing the complex non-linear relation with greater
accuracy.(106-108) ML models are superior to conventional Cox
regression models in predicting CV events.(109) With respect to
surrogate CV markers, pulse wave-driven ML models predicted
coronary calcification with an average accuracy of 84% in HD
patients. (65, 110) Collectively, AI-based approaches appear to
identify cardiovascular risk with greater precision and
consistency, potentially enabling more targeted interventions in
the dialysis population—a group that has historically shown
limited benefit from therapies proven effective in RCTs in the
general population. (111)

END-TO-END AI-ENABLED DIALYSIS PATIENT
JOURNEY – WHAT THE FUTURE MIGHT LOOK
LIKE:

AI based technologies appear to hold tremendous future potential
in kidney failure therapies. AI-enabled dashboards embedded
within electronic health records could integrate longitudinal
primary and specialist care data—including laboratory, imaging,
and potentially genomic information—to predict disease
trajectories and enable timely interventions. Live systems could
incorporate emerging clinical trial evidence and real-world
patient experience into training datasets, supporting progressively
refined decision-making. Planning and implementation of
vascular and peritoneal access could likewise be optimised
through AI-enabled decision support, maximising the likelihood
of successful outcomes. At the point of dialysis initiation, AI
systems within electronic records and dialysis platforms may be
able to process multidimensional data to personalise initiation
strategies. During maintenance haemodialysis or peritoneal
dialysis, real-time integration of high-density machine data,
physiological signals, and prior treatment responses can enable
dynamic adjustment of ultrafiltration, dialysate composition, and
session duration, individualising each treatment and minimising
complication risks. Continuous monitoring via wearable devices
and patient-reported outcomes may extend this ecosystem beyond
the dialysis unit, facilitating early detection of complications such
as volume overload, infection, or cardiovascular instability.
AI-driven decision support can further refine longitudinal
management—including anaemia therapy, nutritional
optimisation, and vascular access surveillance—through
integration of multimodal, time-series data. Ultimately, such
systems would function as continuously learning, closed-loop

clinical environments that augment clinician judgement while
delivering personalised, anticipatory, and adaptive dialysis care.

LIMITATIONS AND CHALLENGES

Despite rapid advances, the implementation of AI in dialysis care
remains constrained by challenges related to data quality,
heterogeneity, interoperability across healthcare systems, and
concerns regarding privacy, data governance and usage. The
majority of published studies remain retrospective, and
single-centre with limited external validation or prospective
implementation. It should also be appreciated that improvements
in predictive performance do not necessarily guarantee improved
patient outcomes.

The complexity and relative opacity of advanced ML and DL
models could affect clinician trust, and regulatory acceptance,
particularly in high-stakes clinical decision-making contexts.
Implementation can be challenging due to clinician cognitive
overload, and unresolved medico-legal questions around
accountability and liability. In addition, performance drift over
time necessitates continuous model monitoring, recalibration, and
robust governance frameworks. Algorithmic bias from
non-representative dataset, fairness across ethnic and
socio-economic groups and transportability across diverse
healthcare systems and populations are also major concerns in
medical AI and should be considered in the development and
adoption of these technologies to routine clinical practice.
Training based on geographically diverse datasets, multi-centre
external validation and continuous model monitoring and
recalibration are essential for these technologies to add value to
healthcare. Future efforts should prioritise prospective
multicentre validation, harmonisation of large-scale registry data,
development of explainable and clinician-in-the-loop systems,
and adoption of privacy-preserving consensus approaches to
enable robust, equitable, and globally applicable AI tools in the
care of dialysis patients.
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