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Abstract 
Background 
Chronic kidney disease (CKD) has more than 800 million cases in the global population and is often diagnosed 
in its late stages because of its insidious onset. The use of machine learning (ML) and deep learning (DL) in CKD 
detection, prediction of risk and prognosis has become more used. Nevertheless, reported performance differs 
across studies, and there are some concerns about generalisability, methodological rigour and clinical readiness, 
especially in relation to the potential impact that these factors have to the application of ML and DL models in a 
variety of patients and clinical environments. 
Objective  
The aim is to critically review and evaluate the machine learning models developed to predict the early detection, 
progression, and risk stratification of CKD systematically, with an emphasis on the quality of the methodology, 
the approach to validation, interpretability, and translational use. 
Methods  
A PRISMA-compliant systematic search was conducted across PubMed, Scopus, IEEE Xplore, Web of Science 
and ScienceDirect for studies published between January 2015 and March 2026. Eligible studies applied machine 
learning or deep learning methods to human CKD datasets and reported quantitative performance metrics. 
Extracted data included dataset size, modality (tabular, imaging, EHR, multimodal), algorithms used, performance 
metrics, validation strategy, and interpretability methods. A qualitative synthesis was performed due to 
methodological heterogeneity. A two-component synthesis was employed: a qualitative narrative synthesis across 
all included studies and a stratified quantitative analysis of AUC values (n = 35 studies) to formally test the 
performance inflation hypothesis using Welch’s t-test, Cohen’s d, and Spearman rank correlation. 
Results  
Fifty-eight studies met the inclusion criteria. Most studies relied on tabular clinical datasets, frequently using small 
benchmark datasets (n < 500). Ensemble methods, logistic regression and random forests are the most commonly 
applied algorithms. Studies using small curated datasets often reported near-perfect performance (98-100%), 
whereas large real-world cohort studies reported more moderate performance with an area under the curve (AUC) 
ranging from 0.78 to 0.87. Imaging-based deep learning models attained accuracies ranging from 80% to 86%. 
Only one study performed true external validation across independent cohorts, and calibration reporting was 
limited across the reviewed literature, which raises fundamental concerns about the generalisability and clinical 
reliability of the reported performance metrics. Interpretability methods, particularly SHAP, have been 
increasingly incorporated in recent studies. 
Conclusions 
Machine learning models demonstrate strong potential for CKD detection and risk prediction. However, 
substantial gaps remain in external validation, calibration reporting, fairness assessment and prospective clinical 
evaluation. Inflated performance in small datasets and limited translational assessment restrict current clinical 
applicability. Future research should prioritise multicentre validation, longitudinal modelling, multimodal 
integration, and explainable-by-design approaches to enable reliable clinical deployment-ready CKD and AKI 
prediction systems. 
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1. Introduction 
Chronic kidney disease (CKD) has become one of 
the major worldwide public health obstacles of the 

21st century, impacting an approximated 800 
million people globally and causing a high level of 
cardiovascular morbidity and early death, as well as 
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a huge health cost burden [1] [2]. The development 
of CKD is often asymptomatic during the initial 
phases of the disease and many patients are only 
diagnosed with it after considerable and in most 
cases irreversible renal damage has already taken 
place [3]. Late diagnosis impairs the efficacy of 
renoprotective treatments and speeds up the 
progression to end-stage kidney disease (ESKD), 
necessitating dialysis or transplantation [4]. 
Traditional CKD diagnostics is mostly based on the 
estimated glomerular filtration rate (eGFR) based on 
serum creatinine and urinary albumin levels [5]. 
Nonetheless, serum creatinine is affected by age, 
gender, muscle mass, ethnicity, and albuminuria can 
vary because of temporary physiological conditions 
[6]. Such limitations, along with logistical and 
economic limitations of laboratory-based screening, 
especially in low-resource environments, suggest 
the significance of more scalable and predictive 
diagnostic methods [7]. 
Along with the growth of electronic health records 
(EHRs) and medical imaging repositories, machine 
learning (ML) and deep learning (DL) techniques 
have been used more frequently to detect CKD and 
stratify risks [8][9][10]. Initial research primarily 
applied classical ML methods including the logistic 
regression, support vectors machines (SVM) and 
random forests (RF) to structured clinical data 
[11][12][13]. Gradient boosting models (e.g., 
XGBoost), convolutional neural networks (CNNs), 
and recurrent neural networks (RNNs) have more 
recently been put in place to model longitudinal 
EHR data, as well as imaging modalities, such as 
ultrasound and computed tomography (CT) 
radiomics[14][15][16][17]. 
The performance of the models reported in different 
studies differs significantly. A number of studies 
based on small curated datasets, most notably the 
popularly re-used UCI CKD dataset (n=400) have 
claimed classification rates of over 98% 
[11][18][19]. On the contrary, big, real-world, 
cohort studies based on national surveys like 
NHANES or insurance claims data show moderate 
performance (AUC 0.78-0.87) [12][20]. Deep 
learning models of CKD detection using imaging 
also exhibit moderate accuracy (80-86%), indicating 
possible modality constraints [16][21]. This 
inconsistency casts doubt on overfitting, data 
leakage, and a lack of generalisability in small 
benchmark data. Very high accuracies on small 
benchmark datasets might be due to overfitting, data 
leakage and low external validity.  
Integration of interpretability frameworks is another 
theme that is coming out. Recent cohort-based 
studies are increasingly using SHAP (Shapley 
Additive Explanations), feature selection stability 
analysis, and Bayesian methods to improve 
transparency and clinical credibility [12][22]. 
However, external validation is still uncommon, and 
less than 15% of the published models have been 

evaluated on independent datasets [20][23]. 
Calibration reporting and subgroup fairness analysis 
are also rarely discussed, though they are also of 
vital importance when it comes to clinical 
deployment [24]. 
Even though a number of narrative reviews have 
overviewed the application of artificial intelligence 
in nephrology [25][26], not many have undertaken a 
systematic assessment of methodological rigour, 
practices of external validation, calibration 
reporting, and translational readiness. Furthermore, 
little attention has been given to the consistent 
discrepancy between small benchmark datasets and 
heterogeneous real-world cohorts in terms of 
performance. The actual clinical preparedness of 
CKD-oriented machine learning systems is 
unknown without intensive synthesis and critical 
assessment. We operationally define the 
“Translational Divide” in this review as the 
measurable and reproducible gap between (i) the 
high discriminative performance reported by ML 
models evaluated on small, curated benchmark 
datasets using internal cross-validation and (ii) the 
substantially lower and more variable performance 
observed in independent, large-scale, real-world 
clinical cohorts. This divide encompasses not only 
performance inflation attributable to overfitting and 
data leakage on benchmark datasets, but also the 
broader set of validation, calibration, fairness, and 
prospective deployment deficits that collectively 
prevent a model from meeting the criteria for safe 
clinical use. 
However, methodological progress has been very 
rapid, with some gaps that have been identified such 
as poor external validation, inadequate calibration 
reporting, no explanation of fairness, and underuse 
of longitudinal disease modelling. Moreover, the 
gap between the performance on small benchmark 
datasets and actual cohorts is not adequately 
covered, which casts doubts on the overall 
generalisability of the results and their useability in 
clinical practice. 

Thus, in this research, we intend to: 
1. Describe the methodological space of CKD 

ML research. 
2. Compare the performance between types of 

datasets and validation strategies critically, and  
3. Assess translational preparedness, such as 
external validation, integratability of 
interpretation, and quality of reporting. 

2. Methods  
2.1 Study Design 
This systematic review was carried out in line with 
the guidelines of preferred reporting items of 
systematic reviews and meta-analysis (PRISMA 
2020) and follows methodological principles of 
prediction model reviews described in the TRIPOD 
and PROBAST models. 

 This aimed to systematically find, review 
and qualitatively synthesise peer-reviewed 
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studies that used machine learning (ML) or 
deep learning (DL) methods to early 
detection of chronic kidney disease (CKD) 

 Prediction of CKD progression 
 Diabetic kidney disease (DKD) risk 

modelling 
 Renal outcome prediction (including 

ESRD and mortality) 
 Related nephrology ML frameworks 

(including AKI when methodologically 
relevant) 

A qualitative synthesis approach was adopted due to 
substantial heterogeneity in: 

 Dataset types  
 Feature engineering 
 Model architectures 
 Performance metrics  
 Validation strategies  

2.2 Search Strategy 
From the following database we have performed the 
search: 

 PubMed/MEDLINE 
 Scopus 
 Web of Science 
 IEEE Xplore 
 ScienceDirect 

The search covered publications from January 2015 
to February 2026. Full database-specific search 
strings for each of the five databases are provided in 
Supplementary Material S1 for reproducibility. 
Core Search String  
( “chronic kidney disease” or CKD or diabetic 
kidney disease or DKD or renal failure or ESRD or 
acute kidney injury or AKI) and ( machine learning 
or deep learning or artificial intelligence or neural 
network or random forest or gradient boosting or 
LSTM or CNN) and ( prediction or early detection 
or progression ) The search was limited to: 

 English language publications  
 Peer-reviewed journal articles  
 Human studies 

Conference abstracts, editorials, commentaries, and 
unindexed journals were excluded. 
2.3 Eligibility Criteria 
Inclusion Criteria 
Studies were included if they: 

 Applied ML/DL models to 
CKD/DKD/renal outcome prediction 

 Used structured clinical data, imaging, 
genomics, or multimodal datasets  

 Reported at least one predictive 
performance metric (AUC, accuracy, 
sensitivity, etc.) 

 Were published in peer-reviewed indexed 
journals 

 Included adult human populations 
Exclusion Criteria 
Studies were excluded if they: 

 Used non-peer-reviewed sources (e.g., 
student journals and IJERT-type 
publications) 

 It was merely a narrative review without 
empirical modelling. 

 Focused solely on feature engineering 
without predictive modelling  

 Were retracted  
 Used synthetic or simulated datasets only 
 Lacked clear performance reporting 

2.4 Study Selection Process 
The selection of the study was conducted in 
three steps: 
1. Title screening  
2. Abstract screening 
3. Full-text eligibility assessment  
There were duplicates that were eliminated 
before the screening. 
The methodological evaluation was 
conducted by consensus; disputes were 
solved in this way. 

2.5 Data Extraction 
A standardised collection template was used to 
independently extract data. 
Variables were collected as follows in each of the 
included studies: 

 First author and year of publication 
 Country and dataset source  
 Study design (retrospective/prospective) 
 Sample size 
 Population characteristics  
 Data modality (clinical, imaging, 

genomics, multimodal) 
 Machine learning algorithm(s) used  
 Feature selection methods 
 Validation strategy (cross-validation, hold-

out, external validation). 
 Performance metrics (AUC, accuracy, 

sensitivity, specificity, F1-score) 
 Calibration reporting (if available) 
 Interpretability methods (e.g., SHAP, 

feature importance) 
 Presence of external validation 
 Risk of bias indicators (based on 

PROBAST domains) 
Where multiple models were reported, the best-
performing model was extracted for comparative 
synthesis. 
2.6 Data Synthesis Strategy 
Because of high levels of heterogeneity in study 
designs, data, model architectures, and performance 
metrics reported, a quantitative meta-analysis was 
impractical. Thus, the qualitative synthesis method 
was used, and it aimed to determine common 
patterns of methodology, trends in the performance 
of various types of datasets, and the gaps in the 
validation and reporting practices.Because of high 
levels of heterogeneity in study designs, dataset 
characteristics, model architectures, outcome 
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definitions, and reported performance metrics, a 
standard random-effects meta-analysis was 
impractical. A two-component synthesis strategy 
was therefore employed. First, a qualitative 
narrative synthesis was conducted across all 58 
included studies to identify common 
methodological patterns, performance trends across 
dataset types, and gaps in validation and reporting 
practices. Second, a stratified quantitative analysis 
was performed on the subset of 35 studies that 
reported extractable AUC values or sufficient data to 
derive AUC estimates, with the aim of formally 
testing specific a priori hypotheses regarding 
performance inflation as a function of dataset scale. 
This quantitative component comprised inverse-
variance weighted pooling of AUC values, Welch’s 
t-test for between-stratum differences, Cohen’s d 
effect size estimation, Spearman rank correlation 
between log-transformed sample size and reported 
AUC, and a bias–variance decomposition of the 
observed performance distributions. This stratified 
quantitative synthesis, presented in full in Section 
3.12, is explicitly distinguished from a formal 
random-effects meta-analysis: no pooled treatment 
effect is estimated, heterogeneity statistics (I²) are 
not reported, and stratum-level comparisons are 
used solely to quantify and formally test the 
performance inflation hypothesis rather than to 
derive a single aggregate effect estimate. 
3. Results 
3.1 Study Selection 
In the initial database searches and additional 
sources 615 records were identified. The search in 
the database provided 548 records 
(PubMed/MEDLINE: 142, Scopus: 198, Web of 
Science: 121, IEEE Xplore: 87), and 67 records 
were obtained by screening the reference lists (n = 
46), and preprint/institutional repositories (n = 21). 
Upon elimination of 172 duplicates, 443 individual 
records were left to be screened on titles. 
The study selection process is described in a 
PRISMA 2020 flow diagram, which includes the 
identification, screening, eligibility and final 

inclusion of studies (Figure 1).

 
Figure 1. The flow diagram of the study selection 
process of machine learning applications in CKD in 
PRISMA 2020. 
A total of 356 records were filtered out during the 
pre-screening (not meeting the inclusion criteria e.g. 
not related to chronic kidney disease, no application 
of machine learning, editorial/review paper, or not 
clinical-focused). Four of the 87 reports requested to 
be accessed could not be found in full-text format. 
As a result, 83 full-text articles were evaluated in 
terms of eligibility. After a thorough assessment, 25 
articles were narrowed down due to the following 
reasons: no prediction model (n = 7), non-human or 
experimental study design (n = 5), inadequate 
methodological description (n = 6), publication of 
the same dataset (n = 4), and non-English language 
(n = 3).  
The systematic search and screening led to the final 
selection and inclusion of 58 studies, described in 
the PRISMA flow diagram (Figure 1), to synthesize 
the quality and compare the model performance 
quantitatively. Because of the high level of 
heterogeneity of datasets and measures of evaluation 
in the literature, it was not conducted in a formal 
meta-analysis. 
3.2 Data extraction and quality assessment.  
Data were extracted independently in a standardised 
electronic format per each of the 58 studies included. 
The extraction process was geared towards the 
capture of the following dimensions: 
• Characteristics of the study: Data source (e.g., UCI 
Machine Learning Repository, electronic health 
records of hospitals), size of the data, and data type 
(tabular, longitudinal, or image-based). 
Technical Pipeline: missing data, preprocessing 
methods, and cross-validation. 
• Model Architecture: (e.g., Random Forest, 
XGBoost and CNNs) machine learning algorithms 
were employed, as well as hyperparameter tuning 
procedures and feature engineering. 

This image cannot currently  be display ed.
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• Explainable AI (XAI): Methods used for model 
transparency (e.g., SHAP, LIME) and the evaluation 
criteria for explainability. 
• Performance Metrics: The main results are 
accuracy, sensitivity, specificity, the F1-score and 
the area under the ROC curve (AUC). 
3.3 Dataset Characteristics  
Distribution of dataset modalities used in CKD 
machine learning studies. Clinical datasets are 
predominantly tabular, with little use of multimodal 
and imaging (Figure 2).

Figure 2. Dataset type distribution. 
Structured clinical tabular dataset was the most 
common modality used amongst the CKD studies (n 
= 16). Six papers used the popular UCI CKD 
benchmark dataset (n = 400), with reported accuracy 
ranging between 98 to 100 percent with ensemble 
classifiers like Random Forest, AdaBoost and 
Rotation Forest [11][18]. These works were based 
on mostly K-fold cross-validation without any 
independent external validation. The models of 
diabetic kidney disease (DKD) tended to vary since 
they used fundus imaging modalities, which were 
not included in the conventional CKD datasets. 
Large-scale national or claims-based datasets were 
used in two studies. [27] used a Taiwanese National 
Health Insurance claims database (around 90,000 
participants, 18,000 CKD cases and 72,000 controls) 
and produced the ensemble of CNN, BLSTM, 
LightGBM, XGBoost, and AdaBoost to achieve an 
AUROC of 0.957 (6 months) and 0.954 (12 [28] 
used LSTM and SVM model on a 6,040 type 2 
diabetes cohort in Taiwan that found an LSTM 
accuracy of 86% (AUC 0.83) and SVM accuracy of 
76% (AUC 0.73) to predict diabetic kidney disease. 
This high performance of [27] indicates that 
properly designed ensemble models on national 
scale datasets can be nearly as accurate as small 
datasets, but neither study reported external 
validation. 
Two studies used longitudinal EHR cohorts with 
over 10,000 patients, and applied temporal 
modelling methods, including gradient boosting and 
recurrent neural networks [29]. These reported AUC 
values were between 0.80 and 0.83. 
Two studies involved imaging-based models, such 
as CT-based radiomics and ultrasound deep learning 

models [15]. These obtained AUCs ranging between 
0.79 and 0.86. 
A single multimodal study combined genomic, 
clinical and imaging data with the UK Biobank 
resource, which reported an AUC of 0.804 to predict 
ESRD five years [30][31]. 
3.4 Thematic Synthesis of Included Studies. 
Table 1 provides a thematic synthesis of the studies 
included, categorizing them by the dataset 
characteristics, predictive objectives, modelling 
methods and important characteristics. The 
references of the studies used in the study show that 
there were individual studies in each category. 
Table 1. Thematic synthesis of sampled machine 
learning studies in CKD (representative subset of 58 
sampled studies), overarching dataset features, 
prediction tasks, model structures, validation 
methods and clinical predictors of importance. The 
studies were chosen to exemplify the spectrum of 
dataset scales, modalities, and algorithmic strategies 
that were discovered during the entire review. 
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3.5 Model Architectures  
The classical applications of machine learning were 
mainly on tabular data. Random Forest was the most 
commonly reported best-performing model, then 
Support Vector Machines, Gradient Boosting 
Machines (including XGBoost) and Logistic 
Regression. In small dataset studies, ensemble 
methods, involving the combination of many models 
to achieve a better performance, were especially 
popular, as they have the effect of reducing 
overfitting and improving the predictive accuracy in 
limited data cases. 
Longitudinal imaging was the main application of 
deep learning methods. Images-based CKD 
classification was done with Convolutional Neural 
Networks (CNN) as well as some claims-based 
prediction papers [27][15]. Long Short-Term 
Memory (LSTM) networks were used to simulate 
the development of diabetic kidney disease among 
longitudinal data [28]. Contextual embeddings 
EHR-based modelling frameworks [55] referred to 
transformer-based contextual embeddings, 
including Med-BERT. 
Graph Neural Networks (GNN) and multimodal 
fusion methods were restricted to a small number of 
studies and were not frequently applied to cohorts. 
Recent advances in biomedical imaging and 
multimodal fusion represent an important 
methodological frontier for CKD prediction. 
Machine learning applied to CKD prediction using 
tabular and imaging data has been explored through 
ensemble and deep learning architectures [46][58], 
with convolutional approaches demonstrating utility 
in multi-label biomedical signal and image 
classification tasks relevant to nephrology [76][77]. 
Furthermore, hybrid machine learning frameworks 
integrating multiple data modalities have shown 
promise in related chronic disease domains [78][79], 
providing methodological direction for future CKD 
modelling that extends beyond single-modality 
tabular approaches. 
3.6 Model Performance Patterns 
Comparison of the model performance on the type 
of data set. There is a reduction in performance with 
increasing complexity of the dataset and real-world 

variability, and there is possible overfitting in small 
benchmark datasets (Figure3). 

 
Figure 3. Model performance across various dataset 
types. 
Marked differences in reported performance were 
observed across dataset types. 
Studies using the UCI CKD dataset (n = 400) 
consistently reported near-perfect performance with 
accuracy exceeding 98% and AUC values frequently 
approaching 1.00 [11][18]. However, none of these 
studies reported external validation, and calibration 
metrics were absent. 
In contrast, cohort-based studies using national 
datasets demonstrated greater performance 
variability than small benchmark studies.  [28], 
applying LSTM to a longitudinal diabetic cohort of 
6,040 patients in Taiwan, reported an AUC of 0.83. 
[27], using a landmark-based temporal gradient 
boosting model in a diabetic cohort of over 14,000 
patients in the United States, reported AUC values 
ranging from 0.78 to 0.83 across rolling prediction 
windows. Notably,  [27] achieved substantially 
higher AUROC values of 0.957 using an ensemble 
approach on a large Taiwanese national insurance 
database, suggesting that model architecture and 
ensemble design may partially offset the 
performance gap associated with real-world dataset 
complexity. None of these studies reported 
calibration analysis. 
Imaging-based deep learning models reported AUC 
values between 0.79 and 0.86 [15][56], generally 
lower than small tabular studies but applied to more 
complex real-world data. 
Temporal EHR models reported AUC values 
ranging from 0.80 to 0.83 across rolling prediction 
windows [29]. These findings indicate that the 
extremely high performance reported in small 
benchmark datasets may not accurately represent 
real-world clinical performance, warranting 
cautious interpretation. 
Table 2 presents a comparative synthesis 
performance of the included studies, summarising 
dataset characteristics, model types, methodological 
approaches, validation strategies, and reported 
performance metrics. A summary of key studies is 
presented in Table 2.  

This image cannot currently  be display ed.



THE TRANSLATIONAL DIVIDE IN CHRONIC KIDNEY DISEASE MACHINE LEARNING: A 
SYSTEMATIC REVIEW OF PERFORMANCE INFLATION, VALIDATION GAPS, AND CLINICAL 

READINESS 

 IJDDT Volume 16 Issue 79s 2026 Page: 455 

Table 2. Comparative synthesis of machine learning 
approaches for CKD prediction, summarising 
dataset sources, sample sizes, model types, 
methodological approaches, validation strategies, 
reported performance metrics, and key contributions 
for studies with extractable quantitative data (n = 13 
of 24 studies with full empirical reporting; the 
broader stratified quantitative synthesis in Section 
3.12 draws on all 35 AUC-extractable studies; 
studies without reported validation strategy or 
sample size are excluded from this table for 
conciseness). 
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3.7 Validation Strategies  
Distribution of validation strategies across included 
studies. External validation remains limited, 
indicating a major gap in model generalisability 
(Figure 4). 

 
Figure 4. Validation strategies distribution across 
studies. 
Cross-validation, a technique used to assess how the 
results of a statistical analysis will generalise to an 
independent data set, was the dominant validation 
strategy (n = 18 studies), followed by hold-out 
validation, which involves splitting the data into 
training and testing sets (n = 5). Only one study 
performed true external validation across 
independent cohorts [16]. The remaining studies did 
not explicitly report their validation strategy, used 
unsupported or hybrid validations. 
Calibration curves were reported in fewer than 20% 
of empirical studies. Subgroups or fairness analyses 
were not systematically performed.  
3.8 Interpretability  
Interpretability techniques were formally reported in 
five studies across the review. SHAP (SHapley 
Additive Explanations)-based feature attribution 
was employed in three tabular cohort studies. [36] 
applied SHAP to explain XGBoost predictions for 
CKD detection, [42] used SHAP values to identify 
the most influential predictors in a Thai hospital 
registry. [51] employed both SHAP and LIME to 

evaluate explainable models for CKD risk 
prediction. In contrast, [11] applied traditional 
feature selection approaches including Boruta, 
LASSO, RFE, and CFS which, while contributing to 
model transparency, do not constitute post hoc 
interpretability in the SHAP/LIME sense. [22] used 
a Gaussian Process model, which provides inherent 
uncertainty quantification rather than post hoc 
attribution. The majority of UCI-based studies did 
not report any interpretability methods. 
3.9 Preliminary Risk of Bias Assessment 
Risk of bias assessment across study types based on 
PROBAST-inspired domains. Studies using small 
benchmark datasets (e.g., UCI) demonstrated the 
highest risk of bias due to lack of external validation 
and potential overfitting, whereas large cohort and 
survival models showed comparatively lower bias 
(Figure 5).  

 
Figure 5. Risk of Bias Across Study Types. 
Based on qualitative assessment using the 
PROBAST domains, the participants and outcome 
domains demonstrated low overall concern. 
However, the analysis domain presented elevated 
risk in small-sample studies due to: 

 Lack of External Validation  
 Limited calibration reporting 
 Class imbalance handling without 

sensitivity analysis 
 Potential feature leakage 

Large-scale cohort studies demonstrated 
comparatively lower analytical bias but similarly 
lacked comprehensive calibration evaluation. 
3.10 External validation and Generalizability 
Across the empirical CKD prediction studies 
included in this review, external validation was 
performed in only one study. The multimodal 
diabetic kidney disease model integrating fundus 
imaging and clinical variables validated its 
performance in an independent UK Biobank cohort 
following development in a South Korean hospital 
dataset [16]. In contrast, the remaining studies relied 
on internal validation methods such as k-fold cross-
validation[65] [18], hold-out splits , or random train-
test partitions within a single dataset. 
Studies using the UCI CKD dataset (n=400) did not 
report validation beyond cross-validation 
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procedures[11] [66]. Similarly, cohort-based studies 
utilising national claims or EHR data conducted 
internal temporal or random splits but did not test 
model performance in geographically or 
institutionally independent populations [27][28]. 
Imaging-based deep learning models evaluating CT 
radiomics and ultrasound classification also relied 
on single-centre datasets without external 
replication [15][56]. Although segmentation 
pipelines and feature selection methods were 
described, performance was not independently 
verified across external imaging repositories. 
No study reported prospective validation or real-
world deployment evaluation in clinical workflows. 
Additionally, subgroup analyses across sex, 
ethnicity, or comorbidity strata were rarely reported. 
3.11 Multimodal Integration and Emerging 
Modelling Approaches  
Recent studies demonstrated a shift from single-
modal tabular modelling toward multimodal 
integration frameworks. One large-scale study using 
the UK Biobank resource combined genomic, 
clinical and imaging-derived features to predict five-
year progression to end-stage renal disease, 
reporting an AUC of 0.804 [31]. This study 
incorporated genome-wide association analysis 
alongside phenotypic variables, representing one of 
the few population-scale multimodal 
implementations in CKD prediction. 
In diabetic kidney disease modelling, the integration 
of fundus imaging with structured clinical variables 
was implemented using a convolutional neural 
network (VGG16) combined with a deep neural 
network classifier, resulting in an AUROC of 0.880 
in the development cohort and 0.722 in external 
validation [21]. This represents one of the few 
studies in the included set to perform cross-
population validation. 
Graph-based and transformer-based modelling 
approaches were referenced in EHR frameworks, 
particularly through pretrained contextual 
embeddings such as Med-BERT [55]. However, 
these were predominantly methodological 
demonstrations rather than CKD-specific 
deployment studies. 
Temporal modelling approaches also emerged in 
longitudinal EHR datasets. A landmark-based 
gradient boosting model dynamically updated 
predictions across rolling time windows in a diabetic 
cohort of over 14,000 patients, reporting AUC 
values between 0.78 and 0.83 [29]. Similarly, 
recurrent neural network models such as LSTM 
were applied to seven-year diabetic cohorts to 
incorporate glycaemic and blood pressure variability 
[28]. 
Imaging-based radiomics models used automated 
segmentation pipelines and machine learning 
classifiers to differentiate early CKD stages from 
healthy controls, achieving test-set AUC values of 
approximately 0.79 [15]. These approaches 

emphasised feature extraction from volumetric CT 
images but were limited to retrospective single-
centre datasets. 
Across multimodal and advanced modelling studies, 
integration of heterogenous data sources was 
associated with moderate predictive performance, 
typically lower than small benchmark tabular 
studies but applied to substantially larger and more 
complex populations.  
3.12 Mathematical Foundations and 
Quantitative Synthesis 
This section provides three complementary 
analytical contributions absent from the reviewed 
literature:  

 formal derivations of the mathematical 
foundations of the principal algorithms 
applied across the 58 included studies. 

 a stratified quantitative meta-analysis of 
reported AUC values grounded in the 
empirical data extracted in Sections 3.3–
3.6 and,  

 a bias–variance decomposition applied to 
the performance distributions observed 
across dataset scales. Together, these 
analyses formalise and extend the 
qualitative observations made throughout 
the Results and Discussion. 

3.12.1 Mathematical Formulations of Core 
Algorithms 
The following subsections derive the formal 
foundations of the four principal algorithm families 
identified across the included studies: logistic 
regression, Random Forest, XGBoost, and long 
short-term memory networks. Notation 
conventions: scalars are denoted by lowercase italic 
(x), vectors by bold lowercase (x), matrices by bold 
uppercase (X), element-wise (Hadamard) products 
by  , and statistical expectations by E [·]. 
3.12.1.1 Logistic Regression 
Logistic regression, the most interpretable model in 
the review and a consistent high-performer in 
structured clinical datasets [12][42][48], models the 
probability of a binary CKD outcome given feature 
vector x   ℝᵖ via the sigmoid transformation: 
p (y = 1 | x) = σ 
(wᵀx + b) = 1 / (1 + e⁻⁺ˣᵀˣ⁺ᵇ⁻) (1) 
Parameters are estimated by minimising the binary 
cross-entropy loss over a training set of n labelled 
observations: 
ℒ(w) = −¹Úₙ ∑ⁿᴵ₌₁ [ yᴵ 
log σ(wᵀxᴵ) + (1 − yᴵ) log (1 − σ(wᵀxᴵ)] (2) 
Ridge (L2) and Lasso (L1) regularisation augment 
the objective as: 
ℒλ(w) = ℒ(w) + λϫwϫ²₂ (Ridge)   ℒλ(w) = ℒ(w) + 
λϫwϫ₁   (Lasso) (3) 
where λ ≥ 0 is the regularisation coefficient. Lasso 
[11] promotes sparsity, enabling automatic selection 
of the subset of clinical biomarkers most predictive 
of CKD outcome directly relevant for low-resource 
deployment scenarios [7]. 
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3.12.1.2 Random Forest 
Random Forest (RF) the most frequently reported 
best-performing model across the 58 studies is a 
bootstrap-aggregated ensemble of B independently 
trained decision trees. At each candidate split, only 
a random subset of m =  √p  features (of p total) 
is evaluated. The class-probability estimate is: 
p̂ᴿᴼ(y = 
1 | x) = ¹Úᴮ ∑ᴮᵇ₌₁ Tᵇ(x) (4) 
Node splits are selected to maximise the reduction 
in Gini impurity: 
 G(t) 
= ∑ᵏᵏ₌₁ pᵏ(1 − pᵏ) (5) 
where pᵏ is the proportion of samples at node t 
belonging to class k. Feature importance for 
predictor i is the mean decrease in impurity (MDI) 
across all trees and splits involving i: 
VIᴵ = ¹Úᴮ 
∑ᴮᵇ₌₁ ∑ᵗ   ᵋᴵ [ p(t) · ΔG(t) ] (6) 
where ᵋᴵ is the set of nodes in tree b splitting on 
feature i, and p(t) is the proportion of training 
samples reaching node t. This formulation underpins 
the feature importance analyses reported in 
[38][40][41]. 
3.12.1.3 XGBoost (Regularised Gradient Boosting) 
XGBoost [27][29][38] constructs an additive 
ensemble of T regression trees. At iteration t, a new 
tree fₜ is fitted to minimise the regularised objective: 
ℒ⁺ᵀ⁻ = ∑ᴵ 
ℓ(yᴵ, ŷᴵ⁺ᵀ⁻⁻¹ + fₜ(xᴵ)) + Ω(fₜ) (7) 
The regularisation term penalises tree size and leaf 
weight magnitude: 
 Ω(f
) = γT + ½λϫwϫ²₂ (8) 
where T is the number of leaves, w is the leaf weight 
vector, γ penalises tree depth and λ applies L2 
shrinkage. A second-order Taylor expansion of ℓ 
around ŷ⁺ᵀ⁻⁻¹ yields a tractable separable form: 
ℒ⁺ᵀ⁻ ≈ ∑ᴵ [ gᴵ 
fₜ(xᴵ) + ½hᴵ fₜ²(xᴵ) ] + Ω(fₜ) (9) 
where gᴵ = ∂ℓ/∂ŷ⁺ᵀ⁻⁻¹ and hᴵ = ∂²ℓ/∂(ŷ⁺ᵀ⁻⁻¹)² are the 
first and second derivatives. The analytically 
optimal leaf weight for leaf j and the gain from a 
candidate split are: 
 w*ⱼ 
= − Gⱼ / (Hⱼ + λ) (10) 
Gain = ½ [ 
Gᴸ²/(Hᴸ+λ) + Gᴿ²/(Hᴿ+λ) − (Gᴸ+Gᴿ)²/(Hᴸ+Hᴿ+λ) 
] − γ (11) 
where Gⱼ = ∑ᴵ Iⱼ gᴵ and Hⱼ = ∑ᴵ Iⱼ hᴵ sum gradients 
and Hessians over the samples in leaf j. The γ term 
in Equation (11) means that a split is accepted only 
if it yields a gain greater than the depth penalty, 
directly limiting overfitting on small training sets 
such as the UCI CKD dataset (n = 400). 
3.12.1.4 Long Short-Term Memory Networks 
(LSTM) 
LSTM networks, applied in longitudinal CKD and 
diabetic kidney disease modelling [28][39], address 
the vanishing gradient problem of vanilla RNNs 

through a gated memory cell. At each time step t, 
given input xₜ   ℝᵒ and prior hidden state hₜ₋₁   ℝʰ, 
the four coupled operations are: 
Forget gate: determines what information to discard 
from the cell state: 
fₜ = σ( 
Wf · [hₜ₋₁, xₜ] + bf ) (12) 
Input gate: determines what new information to 
write: 
iₜ = σ( 
Wᴵ · [hₜ₋₁, xₜ] + bᴵ ) (13) 
Candidate cell state: 
Ċₜ = 
tanh( Wᶜ · [hₜ₋₁, xₜ] + bᶜ ) (14) 
Cell state update: blends retained and new 
information: 
Cₜ = 
fₜ   Cₜ₋₁ + iₜ   Ċₜ (15) 
Output gate and hidden state: 
oₜ = σ( 
Wₒ · [hₜ₋₁, xₜ] + bₒ ) (16) 
 hₜ 
= oₜ   tanh(Cₜ) (17) 
The cell state CN offers a long- range memory route 
enabling the network to store clinically relevant 
signals like the falling eGFR paths or rising 
albuminuria across sequences months to years long, 
as exploited in [28] and [39].. The forget gate (Eq. 
12) is the aspect that is especially important in the 
CKD modelling: the model can adjust its effective 
temporal window to the current stage of patient 
progress by learning to downweight earlier time 
steps when more recent values of a biomarker are 
informative. 
3.12.2 Stratified Meta-Analysis of Reported AUC 
Values 
Because of a high level of heterogeneity in study 
designs, a standard random-effects meta-analysis 
was not possible (as mentioned in Section 2.6). 
Rather, a stratified quantitative synthesis was 
performed on AUC values (or AUC estimates based 
on accuracy) reported in 35 empirical studies which 
provided adequate data, based on dataset scale. In 
cases where the study had a range of AUC (e.g. in 
rolling prediction windows) the mean of the reported 
range was taken. 
3.12.2.1.1 Group Definitions and Descriptive 
Statistics. 
It was determined that there were three mutually 
exclusive strata, based on scale of data sets: 
Group A: Small benchmark (n ≤ 500), 16 studies: 
[11][18][22][32][33][34][35][36][37][46][51][52][
54][56][58][61]. Predominantly UCI CKD dataset 
studies reporting accuracy 96–100% and AUC 
0.917–1.000. 
Group B: Mid-scale cohort (500 < n ≤ 10,000), 11 
studies: 
[28][42][44][45][47][48][49][50][53][57][62]. 
Hospital registries, regional cohorts, AUC 0.810–
0.983. 
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Group C: Large-scale cohort (n > 10,000), 8 
studies: [16][27][29][31][38][39][40][41]. National 
insurance databases, multicentre EHR systems, 
population biobanks, AUC 0.804–0.967. 

Grou
p 

k 
studie

s 

Mea
n 

AUC 

SD 95% 
CI 

AUC 
Rang

e 
A  (n 
≤ 
500) 

16 0.97
8 

0.02
1 

[0.96
7, 

0.989
] 

0.917 
– 

1.000 

B  
(500 
< n ≤ 
10K) 

11 0.89
7 

0.05
2 

[0.86
2, 

0.932
] 

0.810 
– 

0.983 

C  (n 
> 
10K) 

8 0.88
9 

0.07
0 

[0.83
0, 

0.948
] 

0.804 
– 

0.967 

Table 3. Summary statistics of reported AUC values 
by scale of dataset. 95% CIs calculated based on t-
distribution with (k -1) degrees of freedom. SD = 
standard deviation of AUCs in stratum. 
3.12.2.2 Inverse-Variance Weighted Mean AUC 
Using inverse-variance weighting with per-stratum 
weights wᴵ = kᴵ/sᴵ², where kᴵ is the number of studies 
and sᴵ is the within-stratum standard deviation: 
 AUC̅ᵂ 
= ∑ᴵ wᴵ · AUC̅ᴵ / ∑ᴵ wᴵ (18) 
Computing weights: w₁ = 16/0.021² = 36,281, w₂ = 
11/0.052² = 4,071, w₃ = 8/0.070² = 1,633: 
AUC̅ᵂ = (36,281×0.978 + 4,071×0.897 + 
1,633×0.889) / 41,985 = 0.963 (19) 
This weighted average of 0.963 is highly inflated 
when compared to the unweighted average of 0.925, 
which shows that small-dataset studies dominate the 
literature, which skews aggregate estimates when 
the weights are not corrected by sample size. A 
weighted mean with each study counted as a single 
vote (equally weighting, that is, regardless of n) 
gives 0.925, which is the more accurate summary to 
evaluate clinical utility. 
3.12.2.3 Effect Size:  
Difference in performance between mini-
benchmarks and real-world cohorts. 
Groups B and C were combined into a single real-
world stratum (k = 19, AUC̅ᴮᶜ = 0.894, sᴮᶜ = 0.059). 
The pooled standard deviation was used to compute 
the d of Cohen:sₚ = √ [ ((k₁−1) s₁² + (k₂−1) sᴮᶜ²) / (k₁ 
+ k₂ − 2)] (20) 
sₚ = √ [ (15×0.000441 
+ 18×0.003481) / 33] = √0.002024 = 0.0450 (21) 
d = (AUC̅₁ − AUC̅ᴮᶜ) / sₚ = (0.978 − 0.894) / 0.0450 
= 1.87 (22) 
A Cohen’s d = 1.87 constitutes a very large effect 
(conventional threshold d > 0.8), confirming that the 
performance gap between small-benchmark and 
real-world cohort studies is not a sampling artefact 
but a systemic and substantively important 
difference. 

3.12.2.4 Welch’s t-Test for Between-Stratum 
Difference 
A Welch two-sample t-test (not assuming equal 
variances) tests H₀: AUC̅₁ = AUC̅ᴮᶜ against H₁: 
AUC̅₁ > AUC̅ᴮᶜ: 
t = (AUC̅₁ − AUC̅ᴮᶜ) / 
√(s₁²/k₁ + sᴮᶜ²/kᴮᶜ) = 0.084 / √(2.76×10⁻⁵ + 
1.83×10⁻⁴) = 5.77 (23) 
The Welch–Satterthwaite effective degrees of 
freedom are: 
ν = (s₁²/k₁ + sᴮᶜ²/kᴮᶜ)² / 
[ (s₁²/k₁)²/(k₁−1) + (sᴮᶜ²/kᴮᶜ)²/(kᴮᶜ−1) ]  ≈  21.6 (24) 
Yielding t(21.6) = 5.77, p < 0.001 (one-tailed). The 
null hypothesis of equal performance is rejected at 
any standard level of significance, which formally 
statistically supports the performance inflation that 
occurs qualitatively in Section 3.6. 
3.12.2.5 Spearman Rank Correlation: AUC and 
Reported Size of Dataset. 
In order to measure the monotonic association 
between sample size and reported AUC, a Spearman 
rank correlation was calculated using 35 studies with 
log 0 (n) as the independent variable: 
 rₛ = 1 − 6∑dᴵ² / (m(m²−1)) (25) 
with d 0 the difference between the rank of log 0 (n 
0 ) and AUC 0 of study i, and m = 35. The calculated 
correlation was r 8 = -0.53 (95% CI: [ -0.74, -0.24], 
p = 0.001), which has a statistically significant 
moderate negative relationship: the smaller the size 
of the sample of the studies, the higher the value of 
AUC is. The correlation is moderate and not strong 
due to a ceiling effect that squashes the variance of 
Group A (most UCI studies are concentrated around 
AUC = 1.0), and due to the fact that other large-scale 
ensemble studies are also able to obtain high AUC 
values through careful model architecture, i.e. 
[27][39][41] on high-quality national databases. 
3.12.3 Bias -Variance Decomposition Among 
Data Set Scales. 
The generalisation error to be expected of a 
predictive model can be broken down into three 
irreducible parts: 
 E[ L(y, f̂(x)) ] = Bias²[f̂(x)] + Var[f̂(x)] + 
σ²ε (26) 
with Bias 2 [f h(x) ] = (E [f h(x) f (x) 2 ) is the 
squared error of the expected prediction of the true 
function f, Var 2 [f h(x) ] = E [(f h(x) f (x) 2 ) is the 
sensitivity of the model to variation in the training 
sample, and s 2 e is irreducible noise. This 
framework describes the regularities of performance 
within the three groups of data sets. 
3.12.3.1.1 Small Benchmark Datasets: Variance 
Masking. 
In models which are trained on small datasets (n 
400), ensemble algorithms like Random Forest and 
AdaBoost have a training error near 0, meaning that 
their apparent bias is low. However, when model 
complexity is high compared to n high true variance: 
the model is highly sensitive to the samples that it 
was fitted on (400). Since k-fold cross-validation 
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resamples within the same small pool, the validation 
folds are not independent, and the variance estimator 
of AUC is inflated with within-fold correlation ρ: 
 Var[AUĈᵏ‒fold] = σ²/n + ρσ²(1 − 1/k)
 (27) 
As n is smaller, 0 becomes larger (each fold has a 
big fraction of the total dataset) and thus the second 
term is larger. This makes the estimator unreliable, 
although its point estimate is similar to the training 
AUC because of data overlap. This gives variance 
masking: reported AUC seems stable (low spread) 
and is a result of overfitting but not generalisation. 
The Group A standard deviation of s 1 = 0.021 is 
therefore not an accurate picture of the dispersion of 
inflated estimates but is instead an indicator of the 
dispersion of model stability when used in practice. 
3.12.3.2 Large-Scale Cohort Studies - Realistic 
Variance. 
Asymptotically, variance tends to decrease with 
model size (n > 10,000): Var[f(̂x)] = O(1/n) →  0   
as   n → ∞ (28) 
The larger measured variance in Group C (s 3 = 
0.070 ) compared to Group A (s 1 = 0.021 ) does not 
imply that Group C behaves worse, but, instead, 
there is no masking of variance. Large-cohort 
models are assessed on subsets which are temporally 
or geographically different, and their variation in 
performance is a true indicator of clinical 
heterogeneity in patient groups, prediction horizons 
and modelling structures. The empirical variances of 
the AUC ratios: 
s₃² / s₁² = 0.070² / 
0.021² = 0.00490 / 0.00044 ≈ 11.1 (29) 
The approximately 11-fold greater variance in 
Group C is consistent with a shift from a variance-
masked benchmark evaluation regime to realistic 
clinical prediction, where genuine patient-level, 
institutional, and temporal heterogeneity is captured. 
3.12.3.3  Quantifying Performance Inflation 
The difference between the observed mean AUC in 
Group A and the estimated true generalisation AUC 
(proxied by the combined Groups B+C mean) 
provides a direct empirical estimate of performance 
inflation: 
ΔAUC = AUC̅₁ − 
AUC̅ᴮᶜ = 0.978 − 0.894 = +0.084 (30) 
This represents a relative overestimation of 
discriminative ability of 9.4%. The inflation can be 
additively decomposed into a dominant systematic 
bias component and a smaller variance component: 
ΔAUC = 
ΔAUCᴭᴵᵃᴸ + ΔAUCᵝᵃᴿ (31) 
ΔAUCᴭᴵᵃᴸ ≈ 0.084: Optimistic bias from small n, 
absence of external validation, and repeated feature 
selection on the same benchmark dataset. This is the 
dominant contributor. 
ΔAUCᵝᵃᴿ ≈ 0.004–0.009: Variance inflation from 
within-fold correlation (Eq. 27), computable as 
ρσ²(1 − 1/k) for typical k = 5 and ρ ≈ 0.05–0.10 for 
n = 400. 

The dominance of systematic bias over variance 
inflation is consistent with findings from the broader 
clinical prediction model literature [72], and directly 
motivates the recommendation in Section 4.7 for 
mandatory external validation as the primary quality 
criterion for CKD machine learning studies. 
3.12.3.4  Bias–Variance Profile by Dataset Stratum 

Strat
um 

Appare
nt Bias 

True 
Varia
nce 

Varia
nce 

Maski
ng 

Implicati
on for 

Clinical 
Use 

A  (n 
≤ 
500) 

Low 
(artefact
ual) 

High Strong AUC is 
inflated, 
models 
unlikely 
to 
generalis
e, 
external 
validation 
essential 

B  
(500– 
10K) 

Moderat
e 

Moder
ate 

Partial AUC 
more 
reliable, 
still 
requires 
external 
and 
calibratio
n 
validation 

C  (n 
> 
10K) 

Low 
(realisti
c) 

Low 
(stable

) 

Absen
t 

AUC 
reflects 
genuine 
discrimin
ative 
ability, 
calibratio
n still 
rarely 
reported 

Table 4. Qualitative bias–variance profile by dataset 
stratum. ‘Apparent Bias’ refers to the bias 
observable from reported metrics, ‘True Variance’ 
refers to estimated model instability under 
independent deployment conditions. 
The analyses presented in Section 3.12 provide a 
rigorous quantitative basis for the qualitative 
observations made throughout Sections 3.3–3.10. 
The algorithm derivations clarify the mechanistic 
pathways through which ensemble methods achieve 
near-perfect internal performance on small datasets 
(variance reduction via bagging, overfitting control 
via tree regularisation Ω(f) and leaf shrinkage λ), the 
meta-analytic findings confirm that this 
performance does not transfer to real-world 
populations (Welch t = 5.77, p < 0.001, Cohen’s d = 
1.87, rₛ = −0.53), and the bias–variance 
decomposition identifies variance masking not 
random noise as the mechanism that sustains the 
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illusion of clinical readiness in small-dataset CKD 
machine learning research. These findings directly 
motivate the translational recommendations 
advanced in Section 4.7, most critically the 
requirement for external, multicentre validation 
before any CKD prediction model can be considered 
clinically deployable. 
4. Discussion  
4.1 Principal Findings  
This systematic review selected 58 eligible studies 
that were published between 2015 and 2026 and 
studied the use of machine learning in chronic 
kidney disease and other related nephrology 
practices. Among 58 included studies, 35 reported 
extractable AUC values or sufficient data to derive 
AUC estimates, forming the quantitative foundation 
of the stratified synthesis in Section 3.12. Of these 
35, 24 reported full empirical pipelines with both 
performance metrics and sufficient methodology 
detail for comparative synthesis; the remaining 11 
contributed AUC values to the stratified analysis but 
lacked the methodological detail required for Table 
2. The other 23 studies provided methodological 
frameworks, validation criteria, or reporting 
perspectives that were reviewed qualitatively and 
informed the translational analysis in Section 4.7. 
This two-stream model aligns with PRISMA-
compliant mixed-evidence reviews of clinical AI 
studies. 
Three main trends were present: 
• Small benchmark datasets inflation of 
performance. 
• Lack of external validation and calibration 
reporting.  
• Multimodal and longitudinal modelling 
approaches are becoming increasingly popular but 
not yet widely used. 
Overall, these results indicate that, although there 
has been an increase in the sophistication of 
algorithms in CKD modelling, translational 
preparedness is still low. 
4.2.1 Performance Inflation and Dataset 
Dependence. 
One of the key results of the review is that there is 
an inverse correlation between the dataset size and 
reported performance of the model. The six of the 
included studies used the UCI CKD benchmark 
dataset (n = 400) solely and the ensemble models 
like the Random Forest, AdaBoost and Rotation 
Forest, performed at near-perfect accuracy (98-100) 
and at AUC values close to 1.00 [11][67]. 
Nevertheless, these studies unanimously used 
internal cross-validation but not external replication. 
Small sample sizes combined with repetitive 
selection of features on the same dataset are risk 
factors leading to optimistic bias particularly in the 
models that employ ensembles. 
Big-data cohort studies based on national claims 
databases or longitudinal EHRs, however, had 
smaller AUCs ranging between 0.78 to 0.87 

[27][28][68]. These levels of performance are closer 
to the set of clinical performance standards of 
chronic disease prediction. The clear difference 
between ideal benchmark outcomes and more 
realistic moderate outcomes indicates that small, 
curated datasets might fail to reflect the biological 
and clinical noise present in a heterogeneous group 
of patients [15][69]. 
This is not a sampling artefact, but a systemic, 
reproducible evaluation methodology artefact, 
which is statistically verified by the empirical gap, a 
Cohen d of 1.87 and a Spearman rank correlation of 
r 8 = -0.53 in Section 3.12. The inability of the field 
to rely on the UCI CKD benchmark dataset (n = 400) 
as a proxy of clinical performance should be 
considered a structural limitation and not a valid 
methodological decision. 
4.3 External Validation Gap 
In all 58 studies included, only one study Cho et al. 
[16] conducted true external validation with 
geographically and institutionally independent 
cohorts, testing multimodal diabetic CKD model 
developed in one South Korean hospital on an 
independent UK Biobank cohort. None of the 
studies included provided prospective validation or 
real-world clinical deployment evaluation, which is 
a barrier to clinical translation. 
The results highlight a systemic lack of CKD 
prediction model that is not adequately tested: the 
field has been focusing on internal optimisation 
rather than external replication, and confidence 
intervals on external performance are thus 
completely unknown on most of the published 
models[16]. No research showed prospective 
validation or a test of real-life clinical 
implementation. 
This observation is consistent with more extensive 
studies on clinical AI research, which have shown 
that there is a little response to external validation 
criteria [70][71]. The inability to replicate and 
conduct prospective assessment in a multi-centre 
way is a significant obstacle to clinical translation. 
Moreover, reporting on calibration was minimal 
(<20%), although it has been shown that calibration 
is essential in the reliability of clinical decisions[72]. 
Even with high-discrimination models, in the 
absence of a calibration test, risk estimates can be 
misleading to clinicians. 
The absence of external validation constitutes a big 
constraint of the generalisability of the existing 
models of CKD prediction, and it is a big roadblock 
towards clinical application. 
4.4 Interpretability and Trustworthiness 
Four empirical studies on CKD have only used 
formal interpretability methods including SHAP or 
uncertainty estimation [11]. On the contrary, there is 
an increased focus on explainable AI in the models 
of clinical implementations [73][74]. 
Transparent feature attribution and uncertainty 
qualification are especially significant in high-stakes 
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medical fields like nephrology, where the possible 
consequences of over- or underestimating the risk of 
disease can be significant. 
Integrability is inconsistently incorporated in CKD 
modelling studies and is mostly lacking in smaller 
studies that are based on benchmarking. 
Interestingly, less complicated models like logistic 
regression often had the same performance as more 
complicated machine learning models on structured 
data, but were also easier to interpret. This brings to 
the fore a basic question of clinical value: whether a 
logistic regression model can reach the same 
discrimination as a gradient boosting ensemble, the 
interpretable model should be chosen on both 
epistemic and regulatory considerations. The need 
for high-risk clinical AI systems to comply with the 
emerging FUTURE-AI framework and the 
requirements of the EU AI Act to meet post-hoc 
interpretability, will probably turn post-hoc 
interpretability methods like SHAP into a regulatory 
requirement, not an optional analytical add-on in 
future CKD prediction studies. It is important to 
acknowledge, however, that SHAP values have 
well-documented limitations: they are sensitive to 
feature correlation (correlated features receive 
inconsistent attributions), computationally 
expensive for large models, dependent on the 
background dataset used for approximation, and do 
not guarantee causal interpretations. Attribution 
instability across different subpopulations has been 
reported, which is particularly concerning in 
demographically heterogeneous clinical datasets. 
These limitations suggest that SHAP should be 
treated as one component of a broader 
interpretability strategy rather than a definitive 
explanation mechanism. 
4.5 Multimodal and Longitudinal Modelling 
Trends 
The multimodal modelling that combines genomics, 
imaging and clinical features was noted in few 
studies [75][31]. These approaches had moderate 
performance results with an AUC of approximately 
0.80, but they represent an increasing trend toward 
the modelling of diseases at the system level. 
Temporal modelling methods, such as landmark-
based gradient boosting and recurrent neural 
networks, proved that it is possible to include the 
longitudinal variability in diabetic cohorts [28][29]. 
These approaches, although they align with the 
long-lasting and progressive nature of chronic 
kidney disease (CKD), have not been widely studied 
in the existing research. 
The scale and depth of CKD modelling seem less 
developed than predicted acute injury, where large-
scale, real-time HER implementation has been 
proven[75][16] CKD modelling seems less 
developed in terms of scale and depth of 
implementation and validation. 
4.6 Comparison with AKI Modelling Maturity 

AKI prediction models, particularly the deep 
learning study published in “Nature” 2019 [75], 
have shown widespread use in hospital systems and 
the ability to make ongoing predictions. In contrast, 
CKD studies remain predominantly retrospective 
and single-dataset. 
The difference likely reflects: 

 Acute event detectability in hospital data. 
 Easier outcome labelling AKI. 
 Slower progression and outcome 

heterogeneity in chronic kidney disease 
(CKD). 

Bridging this maturity gap may require: 
 Larger harmonised, open-access CKD 

cohorts with standardised variable 
definitions, analogous to the MIMIC-IV 
and eICU repositories that enabled AKI 
research at scale. 

 Multi-centre collaborations and federated 
learning frameworks that enable model 
training across geographically dispersed 
institutions without requiring centralised 
data transfer, preserving patient privacy 
while improving generalisability. 

• Standardised outcome definitions and 
minimum dataset requirements of CKD 
prediction trials, preferably based on current 
KDIGO (Kidney Disease: Improving Global 
Outcomes) staging, to make cross-study 
comparative and ultimately formally meta-
analysable. 

4.7 Clinical Translation and Future Directions. 
To facilitate the machine learning (ML) models in 
the chronic kidney disease (CKD) field to transition 
beyond retrospective analysis to meaningful clinical 
integration, multiple structural changes are needed. 
Future studies need to focus on: 

1. External validation in multiple healthcare 
systems: Future studies should focus on the 
validation   
of models on databases that are 
geographically and institutionally 
independent to guarantee extrapolation 
beyond single-centre cohorts.  

2. Prospective assessment under practical 
working conditions: The need for 
prospective studies  
that can be used to assess the performance 
and effects of the model in real-world 
clinical workflows and not just using non-
real-time and historical data is acute.  

3. Calibration reporting and decision-curve 
analysis: Clinical safety requires high 
accuracy,  
researchers should report calibration 
measures systematically and provide 
fairness evaluations of the different 
subgroups of demographics (e.g., sex, 
ethnicity) to achieve equitable risk 
stratification. 
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4.    Fairness assessment across demographic 
subgroups. 
5. Transparent reporting following TRIPOD-

AI and PROBAST-AI guidelines[70][71]: 
Improving the transparency and 
reproducibility of CKD modelling requires 
strict adherence to established reporting 
guidelines. 

6. Multimodal and longitudinal integration: 
Transitioning towards “explainable-by-
design” models that integrate longitudinal 
electronic health record (EHR) trends with 
genomics, proteomics and imaging will 
better reflect the progressive, multifactorial 
nature of CKD. Architectures such as 
temporal graph networks, multi-task 
learning frameworks, and foundation 
models pre-trained on large clinical 
corpora represent promising directions for 
capturing inter-domain biological signals 
that no single-modality model can 
approximate. 

7. Closing the maturity gap: bridging the gap 
between CKD and acute kidney injury 
(AKI) modelling requires the development 
of larger, harmonised and open-access 
cohorts, prospective deployment studies 
with clinical outcome endpoints, and 
coordinated regulatory engagement with 
bodies such as the FDA and EMA to define 
approval pathways for CKD AI diagnostic 
devices. Without these structural 
conditions, the translational divide 
documented in this review will persist 
regardless of algorithmic advances. 

In the absence of these, the high reported accuracy 
alone cannot be used to justify clinical use. 
4.8 Strengths and Limitation of this Review.  
This review had PRISMA-conformable 
methodology and combined nephrology-specific 
studies of ML with more comprehensive AI 
reporting models. Through a synthesis of empirical 
studies of CKD and a methodology guide, this piece 
of work offers a translationally orientated 
assessment and not a descriptive summary. 
Nevertheless, there are a number of limitations to be 
considered: 

1. Only English-language articles included in 
the five databases searched (PubMed, 
Scopus, IEEE Xplore, Web of Science, 
ScienceDirect) were incorporated. 
Preprints, conference abstracts, non-
English publications, and grey literature 
were excluded, so this can potentially 
create language and publication bias in 
favour of positive results. 

2. The lack of quantitative meta-analysis was 
explained by the high heterogeneity in the 
methodology of the included studies, such 
as the differences in outcome definitions, 

dataset characteristics, validation strategy, 
and reported metrics. This preclinched the 
pooling of effect estimates and formal 
evaluation of between-study heterogeneity 
(I 2 ). 

3. Performance metrics: A qualitative and 
descriptive approach as opposed to 
standardised estimation of the effect size 
was used to compare performance metrics, 
as less than 50% of the included studies 
reported adequate data (e.g., standard 
deviations, confidence intervals) to allow 
robust statistical comparison. 

4. Publication bias can not be eliminated. 
Research with near-perfect results on small 
benchmark datasets is more likely to be 
published than research with moderate or 
negative results. Such an ordered 
asymmetry can overstate the aggregate 
performance terrain in the literature and 
further encourage the stratified analysis in 
Section 3.12. 

5. Formal risk-of-bias evaluation with the 
help of PROBAST (Prediction model Risk 
Of Bias ASsessment Tool) was not 
provided to single studies. Inconsistent 
quality of reporting in included studies - 
most prominently the lack of calibration 
data, confidence intervals and subgroup 
analyses - precluded uniform adherence to 
PROBAST domains. Systematic reviews in 
the future on this topic must require the use 
of PROBAST appraisal as a 
methodological quality measure.Formal 
risk-of-bias evaluation with the help of 
PROBAST (Prediction model Risk Of Bias 
ASsessment Tool) was not provided to 
single studies. Inconsistent quality of 
reporting in included studies — most 
prominently the lack of calibration data, 
confidence intervals, and subgroup 
analyses — precluded uniform adherence 
to PROBAST domains. Systematic reviews 
in the future on this topic must require the 
use of PROBAST-AI appraisal (the 
updated tool incorporating AI-specific 
quality domains [71]) as a methodological 
quality measure. To address the 
constructive suggestion regarding 
actionable output, we propose in future 
work a minimum standardised evaluation 
framework for CKD ML studies 
comprising the following five criteria: (1) 
sample size exceeding 1,000 participants 
drawn from clinical populations; (2) use of 
external validation on a geographically or 
institutionally independent cohort; (3) 
calibration reporting using the Brier score 
or calibration plots; (4) subgroup 
performance analysis stratified by sex, age, 
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and ethnicity; and (5) adherence to 
TRIPOD-AI reporting standards. Studies 
meeting all five criteria could be 
considered methodologically adequate for 
clinical translation consideration. This 
framework is proposed as a starting point 
for community discussion and future 
consensus development. 

Nonetheless, the overall structural gaps that were 
observed in 58 studies have been reported as 
external validation, calibration reporting, fairness 
assessment, and prospective evaluation, which are 
robust findings that can hardly be significantly 
changed by the caveats mentioned above. 
  
5. Conclusion 
The systematic review involved the current 
developments in machine learning and deep learning 
methods to predict, detect, and model progression of 
chronic kidney disease (CKD) and nephrology-
related fields of interest. After a PRISMA-based 
screening process, 58 studies were included and 
encompassed a diversity of predictive modelling 
methods, data sources and clinical uses. Altogether, 
the results suggest that machine learning 
technologies can be important to enhance early CKD 
detection and risk stratification. Although the 
development of algorithms in CKD prediction has 
made significant progress, especially by using the 
techniques of ensemble learning and deep learning 
neural networks, there are still large gaps in 
transitioning.  
One of the common trends in the research was the 
difference between near-perfect performance in 
small benchmark datasets and more realistic, 
clinically plausible performance in large 
heterogeneous cohorts. True external validation was 
only conducted in one study and a prospective 
clinical assessment was not present. Fairness 
assessment and calibration reporting were rarely 
undertaken although they are important to 
responsible clinical deployment. 
The developing patterns of multimodal integration, 
longitudinal modelling and methods of uncertainty 
awareness suggest a slow maturation of the 
discipline. Nonetheless, CKD machine learning 
studies are largely retrospective, institution-specific 
compared to acute kidney injury modelling, which 
has shown big EHR implementation. 
To ensure machine learning models can have a 
significant effect on CKD screening and progression 
management, the focus of future research should be 
on multi-center validation and subsequent clinical 
implementation. In the absence of these, even 
reported predictive performance is not enough to 
guarantee reliability, generalisability and patient 
safety. 
The future of CKD artificial intelligence studies 
needs to take a step forward out of performance 
optimisation on curated benchmarks to 

reproducibility, robustness, and implementation 
science. The empirical gap in translational research 
is empirically beyond doubt because of the 
quantitative data available in this review a Cohen-d 
of 1.87 between small-benchmark and real-world 
performance and a validated rate of external 
generalisation of 1 in 58 studies. Next-generation 
CKD prediction models need to combine 
longitudinal EHR trajectories, multimodal 
biological data and modelling frameworks that are 
inherently interpretable. They should be 
prospectively validated, they should be tested to be 
demographically fair and they should be reported 
using TRIPOD-AI standards. It is only with this 
change that machine learning can realize its true 
potential to enhance early detection, risk 
stratification, and long-term renal outcomes in 
various and underserved patient groups on a global 
scale. 
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