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Abstract:
Introduction: Acute kidney injury affects about one in five hospitalised adults and substantially increases the risk of
chronic  kidney  disease,  yet  conventional  scoring  systems poorly  identify  patients  who will  progress.  This  review
critically appraises artificial intelligence and machine learning models for prognostication across the acute kidney
injury–acute kidney disease–chronic kidney disease continuum.

Methods: A narrative review of 48 source articles was undertaken, covering persistent kidney injury, renal recovery,
dialysis dependence, major adverse kidney events, mortality, and chronic kidney disease. Studies were examined for
prediction  endpoint,  injury  aetiology,  algorithm,  dataset,  validation  strategy,  interpretability,  and  clinical
applicability.

Results:  Reported  discrimination  varied  substantially  across  algorithms,  endpoints,  populations,  datasets,  and
validation  strategies,  with  several  models  outperforming  conventional  comparators  in  within-study  comparisons.
Serum creatinine dynamics, blood urea nitrogen, age, vasopressor use, urine output, and measures of comorbidity,
including the Charlson Comorbidity  Index (CCI),  were recurrent  predictors,  although their  importance varied by
population and endpoint. Fewer than one-third of studies were externally validated; most were retrospective and at
high risk of bias, calibration and fairness were seldom assessed, and no randomised evidence of improved patient
outcomes exists.

Discussion: The evidence comprises heterogeneous, non-equivalent prediction tasks rather than a single modelled
transition to chronic kidney disease. Cross-study performance comparisons are therefore unreliable, and post-hoc
explanation tools cannot replace inherent interpretability, calibration, and prospective validation.

Conclusion:  Artificial  intelligence  shows  promise  for  prognostication  after  acute  kidney  injury,  but  clinical
translation requires clearly defined endpoints, aetiology-aware modelling, prospective multicentre validation, fairness
assessment, and randomised trials demonstrating patient benefit.
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1. INTRODUCTION
Acute  kidney  injury  (AKI)  is  a  common  clinical

syndrome that has been defined as the rapid decrease of
excretory  kidney  function.  Its  global  burden  has  been
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conclusively quantified: one in five adults and one in three
children have acute kidney injury (AKI) during episodes of
hospital care according to KDIGO criteria, as shown by a
meta-analysis  consisting of  312 studies with almost 49.2
million patients [1]. The associated mortality is significant,
with  pooled  AKI-associated  mortality  rates  of  23.9%  in
adults and 13.8% in children [1]. In the ICU, the incidence
increases to 50–60% of all admissions [2], carrying a heavy
burden  in  terms  of  length  of  stay,  healthcare  costs,  and
long-term morbidity [2, 3].

However,  the  long-term  consequences  of  AKI  have
increasingly been recognised as an important component
of  its  clinical  burden.  It  has  also  been  shown  that  AKI
survivors  are  at  significantly  higher  risk  for  developing
CKD,  with  a  pooled  adjusted  hazard  ratio  of  8.8  for
subsequent  CKD  and  3.1  for  end-stage  renal  disease
(ESRD)  compared  to  patients  without  AKI  [4],  and
experience contemporary rates of CKD incidence reaching
as  high  as  25.8  per  100  person-years  [4].  Importantly,
patients  who achieve  seemingly  full  recovery  are  still  at
significantly increased risk of incident CKD long-term, and
most  are  not  referred  for  nephrology  follow-up.  This
finding  is  both  a  knowledge  gap  and  an  avenue  for
intervention  [5].

The  pathophysiological  pathways  linking  AKI  with
subsequent  kidney  dysfunction  are  heterogeneous  and
depend  partly  on  the  initiating  insult.
Ischaemic/hemodynamic,  sepsis-associated,
nephrotoxic/drug-induced,  and  perioperative  AKI  have
overlapping but distinct mechanisms of injury and repair;
therefore, the pathways leading to persistent dysfunction
and  CKD  should  not  be  assumed  to  be  identical  across
etiologies.  Shared  downstream  processes  can  include
epithelial  G2/M  cell-cycle  arrest,  cellular  senescence,
profibrogenic  signalling,  pericyte  activation,  capillary
rarefaction,  and  interstitial  fibrosis  [6,  7].  Epigenetic
changes,  including  DNA  methylation  and  histone
modifications,  may  further  influence  repair  and  fibrosis
[8].  The ADQI framework nevertheless  provides  a  useful
temporal  continuum  by  defining  AKD  as  persistent  or
ongoing kidney dysfunction between 7 and 90 days after
AKI [9].

Conventional  risk  stratification  instruments  such  as
KDIGO staging, SOFA scores, and APACHE-II have limited
prognostic  accuracy  in  distinguishing  patients  at  risk  of
progressing from AKI to CKD [10]. Other novel biomarkers
for  persistent  AKI  have  been  described  (e.g.,  urinary
CCL14, NGAL, KIM-1 and [TIMP-2] × [IGFBP7]), but they
are  limited  by  cost,  availability  and  challenges  in
integration into routine practice [11, 12]. In this context,
AI and ML have been applied to several distinct prediction
tasks  after  AKI,  including  persistent  AKI/AKD,  renal
recovery, dialysis-related outcomes, major adverse kidney
events,  mortality,  and longer-term CKD progression [13,
14].  This  review  summarises  and  critically  appraises
evidence from 48 source articles across the AKI-AKD-CKD
continuum, with explicit attention to prediction endpoint,
AKI  context  or  etiology,  algorithm,  dataset,  validation
strategy,  interpretability,  and  clinical  applicability.

2. METHODOLOGY
A structured narrative literature search was conducted

to identify relevant evidence on artificial intelligence (AI)
and machine learning (ML) for prognostication across the
acute  kidney  injury  (AKI)–acute  kidney  disease
(AKD)–chronic  kidney  disease  (CKD)  continuum.
PubMed/MEDLINE,  Scopus,  and  Web  of  Science  were
searched  for  articles  published  from  January  1995  to
March 2026, with Google Scholar used as a supplementary
source to identify additional relevant publications. Earlier
landmark  articles,  consensus  statements,  and
methodological  frameworks  were  included  where
necessary  through  citation  tracking.

Search  terms  were  used  individually  and  in
combination,  including  “acute  kidney  injury,”  “acute
kidney  disease,”  “chronic  kidney  disease,”  “AKI-to-CKD
progression,” “renal recovery,” “persistent AKI,” “dialysis
dependence,”  “major  adverse  kidney  events,”  “artificial
intelligence,”  “machine  learning,”  “deep  learning,”
“prediction  model,”  “prognosis,”  “XGBoost,”  “random
forest,” “neural network,” and “clinical prediction.” Peer-
reviewed original studies, systematic reviews, consensus
documents,  and  methodological  guidance  relevant  to
prediction of persistent AKI/AKD, renal recovery, dialysis-
related outcomes, major adverse kidney events, mortality,
or  subsequent  CKD  were  considered.  Relevant  studies
were  critically  evaluated  according  to  study  population,
AKI  context  or  etiology,  prediction  endpoint,  AI/ML
algorithm,  dataset,  validation  strategy,  model
performance,  interpretability,  and  clinical  applicability.
Owing  to  substantial  heterogeneity  in  populations,
outcome  definitions,  prediction  horizons,  and  modelling
approaches, the evidence was synthesized narratively

3.  PATHOPHYSIOLOGICAL  BASIS  OF  THE
AKI–AKD–CKD CONTINUUM: THE RATIONALE FOR
AI PREDICTION

Information  on  the  biological  and  physiological
mechanisms that contribute to AKI-to-CKD progression is
important  for  assessing  AI  prediction  models,  as  these
mechanisms  shape  the  temporal  windows,  biomarkers,
and clinical variables that computational systems need to
exploit.  The  kidney  has  a  remarkable  regenerative
capacity after an acute renal insult, primarily through the
proliferation of surviving tubular epithelial cells. However,
when injury is acute or recurrent and severe, a range of
maladaptive processes act to undermine normal repair and
promote progression towards CKD [6].

Key  among these  is  epithelial  cell-cycle  arrest  in  the
G2/M phase,  which  promotes  a  profibrogenic  phenotype
typified  by  upregulation  of  TGF-β  and  connective  tissue
growth factor [7]. Meanwhile, cellular senescence induces
a senescence-associated secretory phenotype (SASP) that
sustains chronic inflammation and fibrosis [6]. Along with
capillary  rarefaction,  pericyte  detachment  and
transdifferentiation  into  myofibroblasts  contribute  to
progressive  interstitial  fibrosis  and  vascular  loss.
Epigenetic  regulatory  processes  that  control  gene
expression patterns crucial to fibrogenesis and repair [8]



AI/ML Prognostication Across the AKI–AKD–CKD Continuum 3

modulate  these  dynamics.  This  ultimately  results  in
progressive  loss  of  nephron  function  and  increasing
fibrosis,  which  irreversibly  reduces  glomerular  filtration
rate (GFR)—the hallmarks of persistent kidney damage or
chronic kidney disease (CKD) [6].

AKI is now recognised as existing within a spectrum of
acute  kidney  disease  (AKD),  which  fills  the  interval
between  7  days  of  AKI  and  CKD  that  develops  after  90
days  [9].  Both  AKI  and  AKD  represent  a  continuum  of
kidney injury that can ultimately lead to CKD [9, 15]. This
continuum  encompasses  heterogeneous  renal  patterns,
ranging from recovery to injury persistence to progression
to  chronic  disease,  and  serves  as  a  conceptual  basis  for
risk  stratification  across  all  phases  of  kidney  injury  and
recovery. Importantly, the AKI–AKD–CKD continuum is a
temporal  framework  rather  than  a  single  homogeneous
disease trajectory. Etiology, severity, recurrence, baseline
kidney function, and recovery pattern may influence both
biological  progression  and  predictive  feature  relevance.
Accordingly, models predicting persistent AKI/AKD, renal
recovery, dialysis dependence, MAKE, mortality, and CKD
after  90  days  are  considered  related  but  non-equivalent
prediction  tasks  in  this  review.  Under  this  framework,
machine  learning  methodologies  have  been  utilised  for
specific  prediction  tasks,  such  as  AKI  recovery  of  renal
function  [2].  Together,  these  studies  emphasise  the
expanding  role  of  AI  across  the  AKI–CKD  continuum;
however, current methods focus primarily on independent
prediction tasks rather than an integrated, end-to-end risk
prediction system.

4. ARTIFICIAL INTELLIGENCE METHODS APPLIED
ACROSS THE AKI- CKD CONTINUUM

4.1. The Shift from Static to Dynamic Prediction
Predictive  modelling  for  AKI  has  progressed  from  a

static,  single-time-point  risk  assessment  paradigm  to
dynamic,  continuously  updated  models  [13,  14].  Using
procedure-specific  and  preoperative  features,  early
strategies  determined  risk  at  a  fixed  point  in  time,
whereas  modern  models  incorporate  changing  clinical
data  over  the  course  of  hospitalisation  and  repeatedly
recalculate risk. This change is particularly important for
longitudinal  outcome  prediction,  where  time-varying
clinical  features  may  provide  more  insight  into  disease
pathways than single-timepoint assessments.

The  evolution  has  been  facilitated  by  the  increasing
accessibility of large-scale electronic health record (EHR)
databases.  These  databases  include  MIMIC-III  and  the
eICU Collaborative Research Database, which have been
frequently used as data sources for AKI prediction studies
[16, 17]. Though these datasets are useful, it is concerning
that  models  trained  on  them  may  have  generalizability
issues  because  such  data  often  come  from  discrete
healthcare  environments  and  very  few  models  are
externally  validated  or  are  applicable,  as  highlighted  in
systematic reviews [17, 18].

4.2.  Gradient  Boosting  Algorithms:  XGBoost  and
LightGBM

Among ML methods applied to AKI-related outcomes,
XGBoost  and  LightGBM  are  frequently  used  and  have
demonstrated strong discrimination in several  individual
datasets. Their reported performance, however, depends
on  the  study  population,  outcome  definition,  input
variables,  preprocessing,  and  validation  strategy;  these
studies should therefore not be interpreted as establishing
universal  superiority  of  gradient  boosting  over  other
algorithms. Selected high-performing AI/ML models across
the  AKI–AKD–CKD continuum,  including  their  prediction
endpoints,  reported  AUROC  values,  and  principal
predictive  factors,  are  summarized  visually  in  Fig.  (1).

These methods fit a sequence of weak decision trees,
where each later tree attempts to correct the mistakes of
those  before  it,  and  regularisation  is  used  to  prevent
overfitting.  They  have  advantages,  including  natural
handling of missing data, relatively efficient computation,
and the ability to model complex non-linear relationships
in heterogeneous clinical datasets.

In a pediatric context, an XGBoost model was created
to predict MAKE30 and 90-day adverse outcomes (chronic
dialysis and death) in 1,394 children hospitalised with AKI.
AUROCs achieved for MAKE30 and 90-day outcomes were
0.810 and 0.851, respectively, which outperformed logistic
regression  (AUROCs  of  0.786  and  0.759)  [19].  The  tool
was  implemented  as  a  web-based  risk  calculator  for
bedside application [19]. For older inpatients, an XGBoost
model  with  the  Boruta  feature  selection  algorithm  to
predict MAKE30 in 4,266 patients achieved training and
internal  test  AUROCs  of  0.868  and  0.823,  respectively,
while external validation on 11,864 patients from MIMIC-
IV yielded an AUROC of 0.744 [20]. The 5 variables found
to  be  most  closely  related  to  MAKE30 were  vasopressor
use, mechanical ventilation at the time of hospitalisation,
blood urea nitrogen, red blood cell distribution width, and
serum albumin according to SHAP analysis [20].

Analysis  of  AKD  risk  and  associated  mortality  in
critically ill older adults using the LightGBM algorithm. In
a cohort of 3,542 elderly AKI patients from the MIMIC-IV
database  with  external  validation  at  a  Chinese  hospital,
LightGBM attained AUROCs of 0.844, 0.853, and 0.755 for
predicting  AKD  risk,  and  AUROCs  of  0.861,  0.868,  and
0.746 for predicting AKD-associated mortality [21]. SHAP
analysis indicated that the most important predictors were
creatinine  on  day  3,  sepsis,  delta  blood  urea  nitrogen,
diastolic blood pressure, and heart rate. The models were
implemented  as  web-based  applications  for  clinical  use
[21].

A  multicentre  cohort  study  developed  four  machine-
learning  algorithms-logistic  regression,  random  forest,
support vector machine, and XGBoost-to predict hospital
mortality  and  major  adverse  kidney  events  (MAKE)  in
9,587 critically ill patients with incident AKI [10]. A model
comprising 71 clinical variables obtained during the initial
three  days  of  ICU  stay  was  trained,  followed  by  feature
selection  based  on  both  model  importance  and  clinical
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reasoning, yielding 14-feature prediction models for MAKE
and 15-feature prediction models for mortality. Within this
multicentre  cohort,  the  ML  models  showed  higher
discrimination than the corresponding KDIGO and SOFA

comparators; however, these within-study comparisons do
not establish that a particular ML algorithm will perform
better across different institutions or datasets.

Fig. (1). Visual Synthesis of High-Performing AI/ML Models Across the AKI–AKD–CKD Continuum.
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Gradient-boosting methods have also been applied to
incident AKI prediction in specific populations, including
ICU  patients  with  respiratory  failure  and  patients  with
gout  [22,  23].  These  studies  are  relevant  examples  of
algorithm use but address AKI onset rather than post-AKI
progression  and  therefore  are  not  considered  direct
evidence  of  transition  to  CKD.  In  the  gout  cohort,  the
reported model also evaluated AKD, which is more directly
relevant to the post-AKI continuum [23]. In ICU patients
with  respiratory  failure,  XGBoost  attained  an  AUROC of
0.9023 among a sample of 10,780 MIMIC-IV patients, with
creatinine maximum as well as hospital length of stay and
BUN  maximum  yielding  the  most  significant  predictive
weight [22]. LightGBM models achieved AUROCs of 0.815
for AKI and 0.873 for AKD in gout patients, indicating that
specific clinical identifiers such as diuretics, serum sodium
levels, and urate-lowering therapy agents are particularly
important for predicting disease [23].

4.3.  Random  Forest  and  Survival  Analysis
Approaches

Random forest  algorithms  and  their  survival-analysis
adaptations, including random survival forests, have been
evaluated  for  post-AKI  CKD  and  mortality  prediction.  In
individual cohorts, they have shown useful discrimination,
but  performance  should  be  interpreted  as  cohort-  and
endpoint-specific  rather  than  as  evidence  of  general
algorithm superiority. In a prospective observational study
of  101  critically  ill  patients  with  AKI  stage  3,  random
forest models developed to predict CKD at 3 and 6 months
achieved  AUPR  values  of  0.895  and  0.848,  respectively,
outperforming  baseline  logistic  regression  models.  The
concordance index for survival prediction using RSF and
survival  XGBoost  was  approximately  0.825  [24].  After  3
months,  CKD  had  developed  in  47  of  the  75  surviving
patients, and after 6 months, progressing CKD was noted
in 33 of the remaining 53 patients, confirming a significant
burden of CKD following severe AKI. Serum creatinine and
cystatin  C  emerged  as  the  primary  predictors  in  the
feature  importance  analysis  for  CKD  [24].  Furthermore,
augmenting the training set with unlabelled data improved
mortality  predictions,  suggesting  the  potential  utility  of
partially labelled datasets.

Using  EHR  data  derived  from  350,345  cases  across
three  hospitals,  the  final  AKI  recovery  analysis  included
7,041 patients in the internal cohort and 2,929 patients in
the  external  cohort.  A  Categorical  Boosting  (CatBoost)
machine learning model was trained to predict recovery of
renal  function,  defined  as  a  33%  decrease  in  serum
creatinine from AKI onset or return to baseline. The model
achieved  internal  and  external  AUROCs  of  0.786  and
0.732,  respectively,  using data prior to 2023. The model
also  extended  AI-based  prediction  beyond  the  intensive
care setting to general ward patients, a group historically
underrepresented in previous AKI prediction studies [2].

4.4. Deep Learning: Recurrent Neural Networks and
Long Short-Term Memory

The  time-series  nature  of  sequential  clinical  data

provides a unique benefit to deep learning architectures,
especially  recurrent  neural  networks  (RNNs)  with  long
short-term  memory  (LSTM)  units,  which  can  leverage
temporal  dependencies.  In  contrast  to  traditional  ML
algorithms,  which  consider  features  from  only  a  single
time  point  in  their  learning  process,  RNN-LSTM models
utilise  all  collected  clinical  variables  throughout  the
trajectory—something  that  is  natural  for  modelling  the
dynamic  progression  of  kidney  injury  and  recovery.  In  a
study of sepsis-associated AKI, RNN-LSTM, decision tree,
and  logistic  regression  models  were  evaluated  for
prediction of AKD, defined according to ADQI-16 criteria
as kidney dysfunction persisting beyond 7 days and up to
90  days  after  AKI.  In  the  development  cohort  of  209
patients,  AUROCs  were  1.000  for  RNN-LSTM,  0.954  for
decision  trees,  and  0.728  for  logistic  regression.  In  the
external MIMIC-III validation cohort of 509 patients, the
corresponding  AUROCs  were  1.000,  0.872,  and  0.717,
respectively  [25].  The  change  in  non-renal  SOFA  score
from day  1  to  day  3  was  an  important  predictor  of  AKD
[25]. Because this study focused on sepsis-associated AKI,
its  predictors  and  model  performance  should  not  be
extrapolated  directly  to  ischaemic,  nephrotoxic,
perioperative,  or  other  AKI  etiologies  without  external
validation.  These  results  suggest  that  machine  learning
strategies integrating longitudinal clinical information may
enhance  the  prediction  of  AKD  after  sepsis-associated
kidney  disease.  Several  recent  reviews  have  highlighted
the  broader  potential  of  artificial  intelligence  and  deep
learning for predicting AKI, with AUROC values reported
for  outcomes  such  as  end-stage  renal  disease  and
therapeutic  response  ranging  from  0.85  to  0.96  [26].
Nonetheless, key issues around interpretability, fairness,
and  transparency  continue  to  constrain  clinical
entrustment  of  these  models  [27].

4.5.  Ensemble  Learning  Algorithms  and  Neural
Network Architectures

Ensemble approaches have been evaluated for complex
AKI outcomes. In a multicenter study using clinical data of
3  hospitals  (2008–2020)  that  predicted  dialysis
dependence at 90 days after the first hospitalized dialysis
(acute kidney injury-related dialysis [AKI-D]), an ensemble
of  25  feedforward  neural  network  models  yielded  an
AUROC = 0.846, while an ensemble comprising 15 neural
networks and 10 gradient-boosted decision trees yielded
an AUROC = 0.865 for mortality at day 90 [28]. Baseline
creatinine  (obtained  ≥90  days  prior  to  dialysis)  was  the
strongest predictor of dialysis dependence, whereas pre-
dialysis creatinine was most predictive of survival [28]. In
the cited multicentre AKI-D cohort, the ensemble models
showed  higher  discrimination  than  logistic  regression
within  that  dataset;  this  finding  supports  further
evaluation  of  model  aggregation  but  should  not  be
interpreted  as  universal  superiority.

A  multicenter  machine  learning  model  for  AKI
management  in  the  general  ward  was  developed  using
data  from three  hospitals  in  South  Korea  with  a  total  of
135,068  patients,  receiving  AUROC  scores  of  0.905  and
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0.886 for predicting AKI in internal and external cohorts,
respectively, while achieving AUROCs of 0.820 and 0.783
for  predicting AKD (here defined as non-recovery within
seven days) [3]. These findings were strengthened by the
use  of  a  refined  operational  AKI  definition,  which
mitigated misclassification caused by transient creatinine
fluctuations. An explainable tree-based machine learning
model was developed and externally validated to predict
acute  kidney  injury  stage  3  persistence  (≥72  hours)  in
multinational  data,  achieving AUROCs of  0.94 in  the US
and 0.85 in the Italian cohorts among 7,759 ICU patients
[16]. This multinational study demonstrates the potential
value  of  cross-national  validation  of  AI  models  for  AKI
prediction.

4.6.  Prediction  of  Survival-Free  from  Dialysis  and
Renal Recovery

An  important  clinical  challenge  is  to  predict  the
recovery  of  renal  function  after  AKI,  as  the  status  of
recovery  is  fundamental  for  prognosis  in  patients  with
impaired  kidneys.  An  interpretable  XGBoost  model  to
predict  dialysis  liberation  before  hospital  discharge  was
created in 1,381 ICU patients with AKI requiring dialysis,
among whom renal recovery occurred in 27.3% [29]. The
AUROC was 0.85, and the area under the precision–recall
curve  was  0.69.  Important  predictors  included  urine
output,  the  Charlson  comorbidity  index,  trends  in  vitals
(including  respiratory  rate  and  SpO2),  and  lactate  levels
[29].  By  considering  how physiological  variables  change
over time, these findings demonstrate the potential utility
of dynamic clinical data for improving prediction.

Multiple  machine  learning  algorithms  were  tested  to
predict 30-day mortality in severe AKI patients undergoing
prolonged intermittent renal replacement therapy (PIRRT)
based on data from the first 493 patients enrolled, with a
30-day mortality of 51.93% and a kidney recovery rate of
30.43%  [30].  Within  this  cohort,  different  algorithms
achieved the highest observed performance for different
endpoints:  Naïve  Bayes  for  survival,  Random  Forest  for
30-day  renal  recovery,  and  K-Nearest  Neighbour  for  90-
day  renal  recovery  [30].  The  principal  predictors  were
serum  sodium,  total  protein,  lactate  dehydrogenase,
phosphorus  and  thrombin  time,  among  other  clinical
variables,  highlighting  the  role  of  readily  available
biochemical parameters for prognostic stratification [30].

A meta-analytic synthesis of 27 studies showed higher
accuracy  for  mortality  than  kidney  function  recovery
prediction  with  machine  learning  models,  and  pooled
analysis  [31]  indicated  that  traditional  approaches  were
significantly  outperformed  for  mortality  by  machine
learning (AUROC 0.831 versus  0.772),  but  the study did
not  focus  specifically  on  AKI  survivor  populations.  The
most  predictive  factors  for  recovery  were  age,  serum
creatinine, AKI stage, estimated glomerular filtration rate,
and comorbidities  [31].  If  these results  are confirmed in
other  studies,  it  would  suggest  that  renal  recovery  in
patients with AKI can be harder to predict than mortality.

4.7. Etiology- and Population-Specific AI Prediction
After AKI

Available  evidence  includes  distinct  AKI  contexts,
including COVID-19-associated AKI, sepsis-associated AKI,
severe  AKI  requiring  renal  replacement  therapy,  older
adults,  and  paediatric  populations.  Model  performance
and  predictor  importance  from  one  clinical  phenotype
should not  be assumed transportable to  another without
external  validation.  Four  machine  learning  algorithms
(SVM,  random  forest,  logistic  regression,  and  gradient
boosting) were tested to predict CKD progression among
131  discharged  COVID-19  patients  with  AKI,  achieving
AUC-ROC values of  0.826 (SVM),  0.828 (random forest),
0.840 (logistic regression), and 0.841 (gradient boosting)
[32].  Given the modest  single-centre cohort  and internal
validation  design,  these  findings  require  independent
external validation [32]. Machine learning–based AKD and
mortality prediction has also been used in older patients
due to the increased susceptibility of geriatric populations
to  complications  following  AKI  [33].  The  paediatric
applications  of  artificial  intelligence  have  been
comprehensively reviewed and included XGBoost, logistic
regression,  support  vector  machines,  decision  trees,  as
well as naïve Bayes, which were utilised in addition to risk
stratification tools, including the Renal Angina Index and
NINJA programme, demonstrating utility in AKI prediction
and downstream consequences [34].

5.  MODEL  INTERPRETABILITY,  POST-HOC
EXPLAINABILITY, AND BLACK-BOX LIMITATIONS

Clinical  adoption  of  AI  prediction  models  critically
depends on their interpretability—defined as the ability to
offer  transparent,  clinically  meaningful  explanations  for
individual predictions. Based on cooperative game theory,
the SHapley Additive exPlanations (SHAP) framework has
been  applied  in  AKI  prediction  studies  as  a  common
approach to estimating global feature importance rankings
and  patient-level  explainability  [2,  10,  20-22].  Some
studies have reported that LIME and partial dependence
plots are complementary tools for visualising predictions
at the individual level [23, 29].

Interpretability  differs  substantially  across  modelling
approaches.  Conventional  regression  models  and  simple
decision trees can provide comparatively direct structural
relationships  between  predictors  and  model  output,
whereas random forests and gradient-boosted ensembles
are less transparent because predictions arise from many
interacting  trees.  Deep  neural  architectures,  including
RNN-LSTM models, are inherently more opaque because
learned  representations  and  temporal  interactions  are
distributed across  numerous parameters.  In  critical-care
settings,  this  opacity  can  complicate  error  auditing,
identification  of  spurious  associations,  recognition  of
dataset shift, and assessment of subgroup-specific failure,
thereby  increasing  the  risk  of  inappropriate  reliance  or
automation bias.

Several  variables  recur  across  models  predicting
different post-AKI renal and clinical outcomes. However,
feature importance is model-, endpoint-, population-, and
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dataset-dependent  and  should  not  be  interpreted  as  a
universal  causal  hierarchy  for  AKI-to-CKD  progression.
Serum  creatinine,  both  its  absolute  values  and  its  early
temporal dynamics (i.e., changes from day 1 to day 3), has
been  widely  reported  as  an  important  predictor  across
multiple models [21, 22, 28]. In a similar vein, blood urea
nitrogen  and  its  trajectory  during  the  early  post-AKI
period were commonly identified as important predictors
of  outcomes  [20-22].  Some  variables,  such  as  age,  were
consistently found to be important predictors across other
studies  and  to  reflect  the  association  between  age,
comorbidity  burden,  and  adverse  outcomes  [20,  24,  31].
Assessment of vasopressor use and mechanical ventilation
as  key  predictors  of  MAKE30  and  mortality  mirrors  the
severity of illness and haemodynamic instability [10, 20].
Urine  output  and  corresponding  time  trends  were  also
strong  predictors,  especially  in  models  of  dialysis
liberation  and  recovery  [28,  30].  Additional  predictive
value,  particularly  in  patients  with  severe  AKI  who
required  renal  replacement  therapy  [20,  30],  was
demonstrated  by  indices  of  comorbidity  (Charlson
Comorbidity Index), as well as serum albumin and lactate

parameters, and electrolyte disturbances (i.e., sodium and
phosphorus).  The  principal  characteristics,  predictive
performance,  validation  strategies,  interpretability
approaches, and key predictors of the major AI/ML studies
reviewed are summarised in Table 1.

Post-hoc  tools  such  as  SHAP  and  LIME  can  help
describe feature attribution and local model behaviour for
a  particular  dataset  or  patient,  but  they  do  not  make  a
black-box  model  inherently  interpretable  and should  not
be  treated  as  proof  of  causal  or  biological  mechanisms.
Their  explanations  may  vary  with  correlated  predictors,
background/reference  data,  model  specification,  and
changes  in  the  underlying  patient  population;  therefore,
they  do  not  by  themselves  guarantee  reliability,  causal
validity,  transportability,  or  clinical  trustworthiness.
Accordingly,  post-hoc  explainability  should  complement
rather  than  replace  calibration  assessment,  external
validation,  subgroup  performance  assessment,  clinical
reasoning, prospective evaluation, and, where feasible, the
use  of  inherently  interpretable  models  in  high-stakes
clinical  decisions  [27,  35-37].

Table  1.  Summary  of  Key  AI/ML  studies  predicting  renal  and  clinical  outcomes  across  the  AKI–AKD–CKD
continuum.

Ref. Design / Population /
AKI Context

ML
Algorithm(s)

Prediction
Endpoint

AUROC /
Performance

Sample
Size

Validation
Type

Interpretability Key Predictors

[24] Prospective; ICU; AKI
stage 3

RF; RSF; Survival
XGBoost

CKD at 3 and 6
months;
mortality

AUPR: 0.895 /
0.848; C-index:

0.825

101
(+123)

Internal 5-fold
CV; external

MDI SCr, cystatin C,
age, APACHE-II

[3] Retrospective
multicenter; general-

ward AKI

ML framework
(multiple)

AKI (3-day); AKD
(7-day non-
recovery)

AKI: 0.905 / 0.886;
AKD: 0.820 / 0.783

135,068 External (3
hospitals)

Feature analysis Refined SCr, vital
signs, laboratory

trends
[25] Retrospective; sepsis-

associated AKI, ICU
RNN-LSTM;

decision trees;
LR

AKD (ADQI-16
criteria)

LSTM: 1.00; DT:
0.954; LR: 0.728

209 + 509 External
(MIMIC-III)

Feature importance Δ non-renal SOFA
(day 1–day 3)

[10] Multicenter; ICU
incident AKI

LR; RF; SVM;
XGBoost

Mortality; MAKE
(120-day)

Mortality: 0.79;
MAKE: 0.78

9,587 10-fold CV +
external

SHAP 71→15/14 features;
SOFA/KDIGO
comparators

[21] Retrospective; elderly
ICU AKI

LightGBM AKD risk; in-
hospital
mortality

AKD: 0.844–0.853;
mortality:

0.861–0.868

3,542 /
2,661

Bootstrap +
external

SHAP + PDP Cr day 3, sepsis,
ΔBUN, DBP, HR

[20] Retrospective; older
hospitalized AKI

XGBoost +
Boruta

MAKE30 Training: 0.868;
internal: 0.823;
external: 0.744

4,266 +
11,864

Internal +
external

(MIMIC-IV)

SHAP Vasopressors, MV,
BUN, RDW,

albumin
[29] Retrospective; ICU AKI-

D
XGBoost Dialysis

liberation
AUROC: 0.85;
AUPRC: 0.69

1,381 Temporal test
set

SHAP + LIME Urine volume, CCI,
vital-sign

derivatives, lactate
[19] Retrospective;

paediatric AKI
XGBoost vs. LR MAKE30; 90-day

adverse
outcomes

MAKE30: 0.810;
90-day: 0.851

1,394 Internal split-
set

SHAP; web
calculator

Age, SCr,
comorbidities

[2] Multicenter; general-
ward AKI

CatBoost Renal function
recovery

Internal: 0.786;
external: 0.732

7,041 +
2,929

External (3rd
hospital)

SHAP 43 features; SCr
dynamics,

comorbidities
[28] Multi-hospital; AKI-D Ensemble 25

FFN + 10 GBT
90-day dialysis
dependence;

mortality

Dialysis: 0.846;
survival: 0.865

1,080 /
2,358

Multicenter (3
hospitals)

Feature importance Baseline Cr, pre-
dialysis Cr

[16] Multinational; ICU AKI
stage 2–3

Explainable tree
regressor

Persistent AKI
stage 3 (≥72 h)

US external: 0.94;
Italian external:

0.85

7,759 Multinational
external

Explainable model Real-time clinical
variables

[32] COVID-19-associated
AKI

SVM; RF; LR;
boosting

CKD progression SVM: 0.826;
boosting: 0.841

131 Internal CV Variable selection COVID-specific
clinical post-AKI

variables
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Ref. Design / Population /
AKI Context

ML
Algorithm(s)

Prediction
Endpoint

AUROC /
Performance

Sample
Size

Validation
Type

Interpretability Key Predictors

[30] Retrospective; severe
AKI on PIRRT

NB; RF; KNN (by
endpoint)

Survival; 30- and
90-day renal

recovery

Variable by
endpoint

493 Internal Correlation analysis Na, total protein,
LDH, phosphorus

Abbreviations: AUROC, Area Under Receiver Operating Characteristic; AUPR, Area Under Precision-Recall Curve; AKD, Acute Kidney Disease; AKI-D, AKI
requiring Dialysis; MAKE30, Major Adverse Kidney Events within 30 days; CCI, Charlson Comorbidity Index; Cr, Creatinine; BUN, Blood Urea Nitrogen; MV,
Mechanical Ventilation; FFN, Feedforward Network; GBT, Gradient Boosted Trees; SCr, Serum Creatinine; CysC, Cystatin C; RSF, Random Survival Forest;
LR, Logistic Regression; PDP, Partial Dependence Plot; MDI, Mean Decrease in Impurity; NB, Naive Bayes; KNN, K-Nearest Neighbor; RDW, Red Blood Cell
Distribution Width; DBP, Diastolic Blood Pressure; HR, Heart Rate; LDH, Lactate Dehydrogenase; PIRRT, Prolonged Intermittent Renal Replacement Therapy;
CV, Cross-Validation; Na, Sodium.

6.  EXTERNAL  VALIDATION,  GENERALIZABILITY
AND METHODOLOGICAL QUALITY

The  clinical  utility  of  any  AI  prediction  model
ultimately rests on its generalizability across populations
and  settings  beyond  the  development  cohort.  In  a
systematic review and meta-analysis of machine learning
studies  for  AKI  prediction  (n  =  46),  risk  of  bias  was
assessed  using  the  TRIPOD,  CHARMS,  and  PROBAST
guidelines, which identified 39 studies (≈85%) as being at
high  risk  of  bias  with  models  exhibiting  limited
interpretability  and  reproducibility  that  were  externally
validated in only eight studies (≈17%; five simultaneously
conducted  model  development  and  validation;  three  had
been validated) [17]. A later systematic review of 47 ICU-
based  studies  found  that  only  14  (∼30%)  underwent
external validation, and only 3 were considered to have a
low risk of bias [18].

More recent methodological guidance has specifically
addressed  prediction  models  developed  with  regression
and  machine-learning  methods.  TRIPOD+AI  provides
updated  reporting  recommendations  for  the  transparent
description of data sources, predictors, outcomes, model
development,  performance,  validation,  and  clinical
applicability,  and  supersedes  the  original  TRIPOD  2015
checklist for such prediction-model studies. PROBAST+AI
updates risk-of-bias, quality, and applicability assessment
for prediction models using regression or AI methods, with
domains  addressing  participants  and  data  sources,
predictors, outcomes, and analysis. These frameworks are
particularly  relevant  when  appraising  AI  models  whose
apparent  performance  may  be  influenced  by  data
provenance, preprocessing, model tuning, calibration, and
external validation [38, 39].

Cross-institutional  generalizability  has  come  under
explicit  scrutiny.  The  Generalised  DeepMind  AKI
prediction  model  trained  on  a  predominantly  male  US
Veterans  population  showed  substantial  sex-specific
performance differences when validated in other cohorts,
with  the  model  performing  worse  for  females  due  to
miscalibration and lower discrimination [40]. This finding
highlights  the  need  for  systematic  fairness  assessment
across  demographic  subgroups—information  that  is
largely  absent  in  most  published  AI-AKI  studies.
Contemporary  methodological  guidance  includes
PROBAST+AI  for  quality,  risk-of-bias,  and  applicability
assessment and TRIPOD+AI for transparent reporting of
prediction-model  studies  using  regression  or  machine-
learning  methods.  CONSORT-AI  and  SPIRIT-AI  remain

complementary  guidance  for  interventional  AI  trials  and
protocols.  TRIPOD-LLM  provides  additional  reporting
guidance  specifically  for  studies  developing,  tuning,
prompting, or evaluating large language models; it is not
directly  applicable  to  the  non-LLM  prediction  models
reviewed  here  [41].  The  distance  between  model
development and clinical deployment remains substantial:
externally  validated prediction models  intended for  real-
world  use  are  extremely  rare  [42].  Direct  comparison of
algorithm  performance  across  studies  is  therefore
problematic. An AUROC for XGBoost in one centre should
not  be  ranked  against  an  AUROC  for  random  forest,
LSTM, or another method in a different cohort when case
mix, outcome prevalence, feature availability, missing-data
handling, preprocessing, and validation differ. Even when
the  same  algorithm  is  used,  models  fitted  to  different
databases  can  learn  different  parameters  and  decision
structures.  Claims  of  algorithmic  superiority  should
therefore  be  restricted  to  head-to-head  comparisons
within  the  same  dataset  or  to  replicated  external-
validation  evidence.

7. INTEGRATION OF NOVEL BIOMARKERS WITH AI
APPROACHES

Novel biomarkers and AI for AKI prediction have been
evolving  in  parallel,  with  both  approaches  being
investigated  for  improving  AKI  prediction  [14].  In  the
RUBY  study,  urinary  CCL14  emerged  as  the  best
biomarker  of  persistent  stage  3  AKI  (AUROC  0.83),
significantly outperforming urinary KIM-1, plasma cystatin
C, and urinary NGAL [11]. This biomarker has been linked
to  inflammatory  pathways  involved  in  kidney  injury  and
repair.  A  critical  comparison  of  ML and biomarkers  was
undertaken  using  an  explainable  ML  model  and  urinary
CCL14 for  predicting persistent  sepsis-associated AKI in
retrospective or prospective cohorts [16]. The ML model
used routinely available clinical data and outperformed or
matched  the  analytical  performance  of  urinary  CCL14
[16].  Future  hybrid  strategies  that  combine  biomarker
information  with  ML  may  improve  prediction  of  specific
post-AKI  renal  outcomes,  but  their  incremental  value
requires  external  validation.

8.  CLINICAL  IMPLEMENTATION:  DECISION
SUPPORT AND TRANSLATIONAL CHALLENGES

Ultimately,  this area of research aims to translate AI
prediction  models  into  clinically  deployed  tools  that
enhance patient outcomes. AI applications in kidney care
span several tasks, from prediction of incident AKI to post-
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AKI risk stratification. Because incident AKI prediction is
not equivalent to prediction of AKD or CKD progression,
evidence from early-warning models should be interpreted
separately from models of persistent kidney dysfunction,
recovery,  or  long-term  CKD  [3].  Recent  studies  have
confirmed  the  benefits  of  electronic  AKI  alerts  and
decision-support tools that monitor nephrotoxin exposures
[13,  14]  or  provide  kidney-focused  care  bundles  to
patients.

Progress  has  also  been  made  toward  making  these
tools clinically available. Several web applications for AKD
prediction  in  elderly  patients  [21],  paediatric  AKI
outcomes  [19],  and  AKI/AKD  prediction  in  gout  patients
[23] have been developed and deployed to bridge the gap
between  model  development  and  bedside  application.
However,  multiple  barriers  remain.  The  RE-AIM (Reach,
Efficacy,  Adoption,  Implementation  and  Maintenance)
framework  has  been  suggested  as  a  means  of
systematically assessing translational  potential  [43].  The
broader  question  of  whether  ML  in  kidney  disease  is  a
genuine clinical  advance or  more a  matter  of  premature
enthusiasm  remains  an  active  discussion;  the  dearth  of
randomised  evidence  demonstrating  improved  patient-
centred outcomes represents the largest evidentiary gap
[44-46].

9.  EMERGING  DIRECTIONS  AND  FUTURE
PERSPECTIVES

However,  several  emerging  approaches  may  further
advance  AI-based  prognostication  across  the  AKI-AKD-
CKD  continuum  and  improve  transportability  across
institutions.  Federated learning (FL) enables institutions
to  collaboratively  train  models  while  preserving  patient
data,  with  only  model  parameters  shared  between  sites
[47].  One  advantage  of  this  approach  is  that  it  may
alleviate the limitations of single-centre studies and help
build  more  generalizable  models.  Complementary
approaches  include  privacy-preserving  solutions  such  as
homomorphic encryption and blockchain technology [37].

A  second  important  frontier  is  dynamic  temporal
modelling.  There  is  evidence  that  temporal  patterns  in
clinical data provide predictive information beyond static
snapshots, as demonstrated in AKD prediction using RNN-
LSTM models [25], prediction of dialysis liberation using
vital  sign  trajectories  [29],  and  prognostic  assessment
using delta creatinine and delta BUN measurements [21].
Future  models  incorporating  continuous  physiologic
monitoring  and  real-time  laboratory  data  may  enable
adaptive  risk  assessment  during  post-AKI  recovery  or
progression.

Given its complexity, subphenotyping of AKI has been
utilised  to  establish  patient  clusters  with  statistically
disparate  pathophysiological  features  and  outcomes,
thereby aiding precision nephrology approaches [27]. AI-
based  risk  prediction  could  also  change  post-discharge
surveillance  for  AKI  survivors,  many  of  whom  currently
have  either  no  nephrology  follow-up  or  are  managed  in
outpatient  settings  after  CKD  has  been  established,
despite their high future risk [5]. The inclusion of race-free

CKD-EPI  equations  in  predictive  models  may  further
improve  the  equity  of  long-term  risk  prediction  [48].

10. CURRENT LIMITATIONS
Although  significant  progress  has  been  achieved  to

date,  several  important  limitations currently  hamper the
clinical  utility  of  AI-driven  prognostic  models  across  the
AKI-AKI-CKD continuum. The majority of included studies
were  retrospective  cohort  designs,  which  are  highly
susceptible to selection and survivor bias. A heavy reliance
on  US-centric  and  high-income  country  datasets
compromises  global  generalizability  [1,  17].  The  lack  of
standardised outcome definitions, prediction windows, and
performance  benchmarks  limits  comparability  between
studies  [17,  18].  Additionally,  the  included  studies  span
heterogeneous  AKI  etiologies  and  clinical  settings  and
evaluate non-equivalent endpoints, including incident AKI,
persistent AKI/AKD, renal recovery, dialysis dependence,
MAKE, mortality, and CKD. Consequently, narrative cross-
study comparisons should not be interpreted as head-to-
head  algorithm  comparisons  or  as  evidence  that  all
included outcomes represent CKD transition. Calibration
evaluation  is  often  neglected  in  favour  of  discrimination
measures  alone  [17].  Evaluation  of  fairness  across
demographic  subgroups  is  still  in  its  infancy  [40].  Real-
world problems with EHR data quality, missingness, and
cross-system  harmonisation  remain  major  challenges.
Incorporating  AI  tools  into  clinical  workflows  requires
navigating  alert  fatigue,  clinician  trust,  regulatory
oversight, and liability [35, 45]. Most importantly, there is
a lack of high-quality randomised evidence demonstrating
improvements in patient-centred outcomes.

CONCLUSION
In  summary,  AI  and  ML  show  promise  for

prognostication across the AKI–AKD–CKD continuum, but
the current evidence comprises heterogeneous prediction
tasks rather than a single modelled transition from AKI to
CKD.  Studies  have  evaluated  persistent  AKI/AKD,  renal
recovery, dialysis dependence, MAKE, mortality, and CKD
at  3–6  months  using  gradient  boosting,  random  forests,
recurrent  neural  networks,  and  ensemble  methods.
Although several studies report higher discrimination than
conventional  comparators  within  their  own  datasets,  no
algorithm can presently be considered universally superior
because performance varies with AKI etiology, population,
endpoint,  feature  set,  and  validation  strategy.  Serum
creatinine  dynamics,  blood  urea  nitrogen,  age,
vasopressor  use,  urine  output,  and  comorbidity  burden
were recurrent predictors across several studies, although
their  importance  varied  by  population,  endpoint,  and
model.  SHAP,  LIME,  and  other  post-hoc  tools  can  aid
model  explanation  but  should  not  be  considered
substitutes  for  inherent  interpretability,  external
validation, calibration, and prospective clinical evaluation.

Long-term CKD after AKI remains an important clinical
outcome, but it should be distinguished from earlier AKD,
mortality,  dialysis-related  outcomes,  and  renal  recovery.
Future  work  should  therefore  use  clearly  defined  and
clinically meaningful endpoints, stratify or account for AKI
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etiology  where  possible,  and  prioritise  prospective
multicentre  external  validation,  calibration,  fairness
assessment,  and  evaluation  of  clinical  utility.

However,  substantial  gaps  remain  between  model
development  and  clinical  implementation.  Essential
priorities are prospective multicentre validation, dynamic
real-time modelling,  biomarker–AI  integration,  federated
learning  for  privacy-preserving  collaboration,
comprehensive equity assessment, and, most importantly,
randomised controlled trials that demonstrate whether AI
predictions translate into better patient outcomes. Given
rigorous prospective validation, AI-based prediction tools
have  the  potential  to  improve  the  care  of  AKI  survivors
and  reduce  the  long-term  burden  of  chronic  kidney
disease.
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LIST OF ABBREVIATIONS

ADQI = Acute Disease Quality Initiative
ADQI-16 = Acute Disease Quality Initiative 16
AI = Artificial Intelligence
AKD = Acute Kidney Disease
AKI = Acute Kidney Injury
AKI-D = Acute Kidney Injury Requiring

Dialysis
APACHE-II = Acute Physiology and Chronic

Health Evaluation II
AUC-ROC = Area Under the Receiver Operating

Characteristic Curve
AUROC = Area Under the Receiver Operating

Characteristic Curve
AUPR = Area Under the Precision-Recall

Curve
AUPRC = Area Under the Precision-Recall

Curve
BUN = Blood Urea Nitrogen
CCI = Charlson Comorbidity Index
CCL14 = C-C Motif Chemokine Ligand 14
CHARMS = Critical Appraisal and Data

Extraction for Systematic Reviews of
Prediction Modelling Studies

CKD = Chronic Kidney Disease
CKD-EPI = Chronic Kidney Disease

Epidemiology Collaboration

CONSORT-AI = Consolidated Standards of Reporting
Trials–Artificial Intelligence

COVID-19 = Coronavirus Disease 2019
Cr = Creatinine
CysC = Cystatin C
CV = Cross-Validation
DBP = Diastolic Blood Pressure
DNA = Deoxyribonucleic Acid
DT = Decision Tree
EHR = Electronic Health Record
eICU = eICU Collaborative Research

Database
ESRD = End-Stage Renal Disease
FFN = Feedforward Network
FL = Federated Learning
GBT = Gradient-Boosted Trees
GFR = Glomerular Filtration Rate
HR = Heart Rate
ICU = Intensive Care Unit
IGFBP7 = Insulin-Like Growth Factor-Binding

Protein 7
KIM-1 = Kidney Injury Molecule-1
KDIGO – Kidney
Disease

= Improving Global Outcomes

KNN = K-Nearest Neighbor
LDH = Lactate Dehydrogenase
LIME = Local Interpretable Model-Agnostic

Explanations
LightGBM = Light Gradient Boosting Machine
LLM = Large Language Model
LR = Logistic Regression
LSTM = Long Short-Term Memory
MAKE = Major Adverse Kidney Events
MAKE30 = Major Adverse Kidney Events Within

30 Days
MDI = Mean Decrease in Impurity
MIMIC-III = Medical Information Mart for

Intensive Care III
MIMIC-IV = Medical Information Mart for

Intensive Care IV
ML = Machine Learning
MV = Mechanical Ventilation
Na = Sodium
NB = Naïve Bayes
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NGAL = Neutrophil Gelatinase-Associated
Lipocalin

NINJA = Nephrotoxic Injury Negated by Just-
in-Time Action

PDP = Partial Dependence Plot
PIRRT = Prolonged Intermittent Renal

Replacement Therapy
PROBAST = Prediction model Risk Of Bias

Assessment Tool
PROBAST+AI = Prediction model Risk Of Bias

Assessment Tool for Artificial
Intelligence

RDW = Red Blood Cell Distribution Width
RE-AIM = Reach, Effectiveness, Adoption,

Implementation, and Maintenance
RF = Random Forest
RNN = Recurrent Neural Network
RNN-LSTM = Recurrent Neural Network–Long

Short-Term Memory
RSF = Random Survival Forest
SASP = Senescence-Associated Secretory

Phenotype
SCr = Serum Creatinine
SHAP = SHapley Additive exPlanations
SOFA = Sequential Organ Failure

Assessment
SPIRIT-AI –
Standard
Protocol Items

= Recommendations for Interventional
Trials–Artificial Intelligence

SpO2 = Peripheral Oxygen Saturation
SVM = Support Vector Machine
TGF-β = Transforming Growth Factor Beta
TIMP-2 = Tissue Inhibitor of

Metalloproteinases-2
TRIPOD = Transparent Reporting of a

Multivariable Prediction Model for
Individual Prognosis Or Diagnosis

TRIPOD+AI = Transparent Reporting of a
Multivariable Prediction Model for
Individual Prognosis Or
Diagnosis–Artificial Intelligence

TRIPOD-LLM = Transparent Reporting of a
Multivariable Prediction Model for
Individual Prognosis Or
Diagnosis–Large Language Models

US = United States
XGBoost = Extreme Gradient Boosting
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