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Renal dysfunction is a prevalent condition affecting millions 
of individuals globally [1–3]. The diagnosis and treatment of 
this condition pose significant challenges due to its intricate 
nature and diverse manifestations [4–6]. In recent years, the 
field has witnessed remarkable progress in machine learning 
(ML) and artificial intelligence (AI), leading to profound 
impacts across various industries. Particularly in the medical 
domain, ML and AI have undergone significant development, 
emerging as powerful tools [7,8]. These advancements have 
opened up new avenues for exploring both the diagnosis 
and treatment of renal dysfunction [9,10]. Recognizing the 
transformative potential of ML and AI in addressing the com-
plexities of renal dysfunction, we have curated this special 
issue to delve into the applications of machine learning and 
artificial intelligence in the context of patients with renal dys-
function. (Figure 1)

First, in the realm of renal dysfunction diagnosis, this spe-
cial issue undertakes a comprehensive exploration of artificial 
intelligence applications, encompassing diverse facets such 
as predicting cognitive impairment (CI) in maintenance 
hemodialysis patients (MHD), exploring the correlation 
between neutrophil-to-lymphocyte ratio (NLR) and 
contrast-induced acute kidney injury (CI-AKI), making rapid 
predictions of different degrees of hyperkalemia by analyzing 
the ECG, screening the related factors affecting new-onset 
AKI in the ICU, assessing renal fibrosis in CKD patients and so 
on. The article by Zhou et  al. [11]. included 2230 patients 
who underwent elective vascular intervention, coronary angi-
ography and percutaneous coronary intervention and divided 
them into a CI-AKI group and a non-CI-AKI group. Utilizing 
NLR and other pertinent high-risk factors, the researchers 
established logistic regression (LR), random forest (RF), gradi-
ent boosting decision tree (GBDT), extreme gradient boost-
ing (XGBoost), and naïve Bayes (NB) models. The results 

showed a high NLR was an independent risk factor for CI-AKI. 
The area under the ROC curve (AUC) of the NB model was 
the largest, indicating that it had the best performance. This 
study reaffirmed that ML models is capable of handling com-
plex relationships among numerous variables in real-world 
big data, and the predictive performance has been demon-
strated superior to that of traditional statistical models for 
predicting AKI. In particular, Sun’s study innovatively applied 
the field of radiomics, it recruited 55 MHD patients with CI 
and 28 healthy controls, aimed to probe the relationship 
between spontaneous brain activity and CI by using 
resting-state functional magnetic resonance imaging (rs-fMRI) 
data. The result shows that compared with the MHD-NCI 
group, the patients with MHD-CI had more severe anemia 
and higher urea nitrogen levels, lower mALFF values in the 
left postcentral gyrus, lower mfALFF values in the left inferior 
temporal gyrus, and greater mALFF values in the right cau-
date nucleus. Furthermore, back propagation neural network 
(BPNN) was utilized to predict cognitive function. It indicated 
that the diagnostic efficacy of the model which inputs were 
hemoglobin, urea nitrogen, and mALFF value in the left cen-
tral posterior gyrus was optimal. The study by Xu et  al. [12] 
is centered on the noninvasive and swift prediction of hyper-
kalemia, accomplished through the analysis of distinct wave-
forms on the electrocardiogram (ECG) using machine learning 
methodologies. The team exerted strenuous efforts in the 
processing of ECG signals, facilitating their quantification and 
identification through machine learning. Ultimately, a total of 
48 features were extracted for the purpose of constructing 
the model. They also constructed different machine models 
and employed the Area Under the Curve (AUC) to evaluate 
the performance of each model. The results showed XGB had 
a higher AUC in mild hyperkalemia, but SVM performed bet-
ter in predicting more severe hyperkalemia.
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Patients with renal dysfunction typically face a poor prog-
nosis [13,14], a matter of significant clinical concern addressed 
in this special issue [15,16]. Li et  al. contributed an article 
that involved collecting a substantial amount of noninvasive 
parameters from the MIMIC-IV database. They extracted 33 
such parameters as features for modeling, utilizing five super-
vised learning algorithms to predict categorical labels and 
enhancing model interpretability through SHAP. The 
best-performing model, validated externally using eICU-CRD, 
was selected for further development. They deployed a sim-
plified online application incorporating the top 10 features 
from importance ranking. This web-based tool predicts the 
early prognosis of Acute Kidney Dysfunction (AKD) in the 
elderly based on readily available noninvasive parameters. 
Additionally, Li et  al. [17] successfully developed and vali-
dated machine learning models for predicting mortality in 
critically ill patients with Chronic Kidney Disease (CKD). 
Employing six machine learning approaches, the XGBoost 
model, with the highest AUC, stood out. SHAP values were 
used for interpretation, revealing that the SOFA score, urine 
output, respiratory rate, and SAPS II were the four most influ-
ential variables in the XGBoost model. These studies provide 

valuable insights for clinicians, facilitating accurate manage-
ment and early interventions to potentially reduce mortality 
in high-risk patients [16].

The application of machine learning (ML) and artificial 
intelligence (AI) in directly guiding clinical treatment is still 
not widespread adopted [18]. Establishing an appropriate 
machine learning model and ensuring its explainability can 
empower clinicians to gain a deeper understanding of the 
rationale behind prediction outcomes, facilitating the imple-
mentation of individualized treatment approaches [19]. The 
study of Jiang et  al. aimed to develop an explainable ML 
model to differentiate between furosemide-responsive (FR) 
and furosemide-unresponsive (FU) oliguric AKI. The study 
features a significant sample size, encompassing 6897 
patients from the MIMIC-IV database for the training cohort, 
and an additional 2235 patients from the eICU-CRD data-
base for the validation cohort. The results indicated that 
XGBoost achieved the highest AUC, suggesting optimal 
model performance and implying practical guidance in 
determining the application of furosemide in clinically oligu-
ric AKI patients. This paves the way for future applications of 
machine learning in clinical treatment decision-making.

Figure 1. A n Overview of the Applications of Artificial Intelligence in Renal Dysfunction. EMR: electronic medical record; ECG: electrocardiogram; rs-fMRI: 
resting-state functional magnetic resonance imaging; AUC: the area under the receiver operating characteristic curve; AI: artificial intelligence; ML: machine 
learning; SHAP: SHapley Additive exPlanations; MHD-CI: maintenance hemodialysis patients with cognitive impairment; CI-AKI: contrast-induced acute kid-
ney injury; NLR: Neutrophil-to-lymphocyte ratio; AKD: acute kidney disease; CKD: chronic kidney disease; FR: furosemide-responsive; FU: 
furosemide-unresponsive.
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Overall, this special issue presents cutting-edge research 
and insights on the intersection of machine learning, and 
multi-omics data analysis in the diagnosis, prognosis and 
treatment of renal dysfunction [20]. As previously men-
tioned, we delved into employing deep learning algorithms 
for pattern identification within extensive, high-dimensional 
datasets acquired from diverse sources, including tabular 
data, resting-state functional magnetic resonance imaging 
(rs-fMRI), electrocardiogram (ECG) waveforms, and ultra-
sound (US), etc. Despite achieving some accomplishments, 
these studies have certain limitations [21]. The majority of 
them are single-center retrospective studies with small sam-
ple sizes and a lack of external validation, posing challenges 
for the models in terms of generalization and large-scale 
application. To ascertain the effectiveness of these models, 
additional randomized controlled trials (RCTs) are still 
required. In the future, we will aim to establish additional 
multi-center, large-sample databases and create more inno-
vative and practical algorithmic models. We aspire that these 
endeavors will ultimately enhance clinical decision-making, 
patient management, and healthcare outcomes for individu-
als with renal dysfunction.
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