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Abstract: Background: Acute kidney injury (AKI) and contrast-induced nephropathy (CIN) are common
complications following percutaneous coronary intervention (PCI) or coronary angiography (CAG), presenting
significant clinical challenges. Machine learning (ML) models offer promise for improving patient outcomes through
early detection and intervention strategies. Methods: A comprehensive literature search following PRISMA
guidelines was conducted in PubMed, Scopus, and Embase from inception to June 11, 2024. Study characteristics,
ML Models, performance metrics (AUC, accuracy, sensitivity, specificity, precision), and risk of bias assessment
using the PROBAST tool were extracted. Statistical analysis used a random-effects model to pool AUC values, with
heterogeneity assessed via the I? statistic. Results: From 431 initial studies, 14 met the inclusion criteria. Gradient
Boosting Machine (GBM) and Support Vector Machine (SVM) models showed the highest pooled AUCs of 0.87 (95%
CI: 0.82-0.92) and 0.85 (95% CI: 0.80-0.90), respectively, with low heterogeneity (I <30%). Random Forest (RF) had a
similar AUC of 0.85 (95% CI: 0.78-0.92) but significant heterogeneity (I > 90%). Multilayer Perceptron (MLP) and
XGBoost models had moderate pooled AUCs of 0.79 (95% CI. 0.74-0.84) with high heterogeneity. RF showed strong
accuracy (0.83, 95% CI: 0.70-0.96), while SVM had balanced sensitivity (0.69, 95% CI: 0.63-0.75) and specificity (0.73,
95% CI: 0.60-0.86). Age, serum creatinine, left ventricular ejection fraction, and hemoglobin consistently influenced
model efficacy. Conclusions: GBM and SVM models, with robust AUCs and low heterogeneity, are effective in
predicting AKI and CIN post-PCI/CAG. RF, MLP, and XGBoost, despite competitive AUCs, showed considerable
heterogeneity, emphasizing the need for further validation.

Keywords: machine learning; kidney complications; acute kidney injury; contrast-induced
nephropathy; percutaneous coronary intervention; systematic review; meta-analysis

1. Introduction

Coronary artery disease, particularly acute coronary syndrome (ACS), is a leading cause of
mortality among adults over 35, accounting for approximately one-third of all deaths in this age
group [1]. Percutaneous coronary intervention (PCI) has become the most common treatment for ACS
[2]. However, a significant complication of PCI is acute kidney injury (AKI), affecting nearly 12.8%
of patients and carrying a mortality rate of 20.2% during or after hospitalization [3]. AKI post-PCl is
linked to severe long-term outcomes, including repeated coronary revascularization, myocardial
infarction, and stroke [4].

To mitigate the risk of contrast-induced AKI (CI-AKI), preventive measures such as regulating
contrast volume and osmolarity, pre-procedural statin intake, and adequate hydration are critical [5].
Identifying patients at risk of CI-AKI allows for tailored preventive strategies, improving clinical
outcomes [6]. Traditional statistical models, like the NCDR-AKI risk model with a c-statistic of 0.71,
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have been used to predict CI-AKI. However, these models often fail to account for complex
interactions among numerous variables, reducing their accuracy [3].

ML models offer a solution by capturing intricate, non-linear relationships in a data-driven
manner without relying on predetermined assumptions about variable interactions. For instance,
gradient-boosting algorithms like XGBoost have demonstrated superior performance over logistic
regression (LR) in predicting medical outcomes by identifying complex patterns in patient data [7].

ML models’ algorithms rely on several critical predictive features to enhance accuracy and
clinical relevance[3]. Among these, serum creatinine levels, blood urea nitrogen (BUN), and urine
output accompanied by intraoperative variables such as the volume of contrast media used,
preoperative hemoglobin levels, and the presence of comorbid conditions like diabetes and
hypertension are crucial[6,8,9]. Advanced models also incorporate biomarkers like cystatin C and N-
terminal pro-brain natriuretic peptide (NT-proBNP), which provide insights into both renal and
cardiac health[10]. By analyzing these multifaceted variables, ML models like XGBoost and random
forest (RF) outperform traditional LR models, offering improved predictive power and facilitating
targeted preventive measures for high-risk patients[4]. Nevertheless, when managing a limited set of
weakly correlated clinical variables, such as those present in structured electronic health records
(EHR), LR models are expected to perform equivalently to ML models[11]. In 2019, the results of a
systematic review by Christodoulou, E. et al.[12] demonstrated no significant difference in
discriminative ability between ML-based and LR-based models when utilizing studies characterized
by a low risk of bias. This is in line with the results of research claims ML has limited application in
predicting CI-AKI in elective PCI patients[4].

To the best of our knowledge, our study is the first to meta-analyze and systematically evaluate
the effectiveness of ML models in predicting different types of AKI in PCI patients. By comparing
ML models with previously reported traditional methods, we aim to detail the efficacy of these
advanced techniques in capturing complex, non-linear relationships among diverse risk factors, thus
enhancing predictive accuracy and clinical outcomes.

2. Methods

2.1. Search Strategy

A comprehensive literature search followed the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines[13]. Databases searched included PubMed,
Scopus, and Embase from inception to 11t June 2024. We used a combination of MeSH terms
including ("Artificial Intelligence" OR "Machine Learning" OR "Neural Networks (Computer)") AND
("Contrast-Induced Nephropathy" OR "Contrast Media") AND "Percutaneous Coronary Intervention".
The search query of each database with detailed keywords is available in Supplementary Table S1.
Additionally, we manually reviewed the reference lists of all included studies and relevant review articles
to identify any further studies in the grey literature.

2.2. Eligibility Criteria and Study Selection

Studies were included if they met the following criteria: (1) Patients undergoing PClI/coronary
Angiography (CAG); (2) Utilization of ML algorithms to predict Kidney complications (AKI, CIN);
(3) Performance of the ML model reported with the Area Under the Curve (AUC) and 95% confidence
interval (CI); (4) Prospective and retrospective observational studies; (5) Studies that separated data
into training and validation/test datasets; (6) Articles published in English language.

Studies not reporting AUC or lacking sufficient data to calculate AUC, reviews, editorials, case
reports, studies not involving PCI/CAG patients, those that did not split data into training and
validation/test datasets, and predicting models just analyzed with traditional statistics (LR,
multivariate logistic regression (MLR)) were excluded.

Two independent reviewers [S.N.] and [D.N.D.] screened titles and abstracts for relevance. Full
texts were reviewed for uncertain cases. Discrepancies were resolved through discussion or by
consulting a third reviewer [D.Sh.]
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2.3. Data Extraction

Data extraction was conducted independently by two reviewers [S.N.] and [D.N.D] using a
standardized data extraction form, as follows:

Study Characteristics: Authors, year of publication, Country, Type of ML algorithm, Predictors, Best-
performing Model, Sample Size in Training, Validation, and Testing Dataset (with and without
Kidney Complication), Patients Included, Definition of Kidney Complication (Tables 1 and 2).
Outcomes: AUC with 95%Cl, and any additional performance metrics reported (Accuracy,
Sensitivity, Specificity, Precision) for each ML model (Supplementary Tables S2 and 4).

2.4. Quality and Risk of Bias Assessment

The risk of bias in included studies was independently assessed by two reviewers [S.N.] and
[D.N.D.] using the PROBAST tool[14]. It comprises 20 signaling questions across four domains
(participants, predictors, outcome, and analysis), and evaluates the risk of bias and applicability
concerns. Each domain was rated as low (+), high (-), or unclear (?) risk of bias/applicability.
Discrepancies were resolved through discussion or consultation with a third reviewer [D.Sh.] The
overall risk of bias was determined based on domain ratings (Figure 9).

2.5. Study Outcomes

The primary outcome of our study is the predictive performance of ML models for kidney
insufficiency (AKI, CIN) in patients undergoing coronary intervention (PCI/CAG), measured by the
AUC and its 95%CI. Secondary outcomes include additional performance metrics of the ML models,
such as accuracy, sensitivity, specificity, and precision. We also assess the calibration of the models
and explore heterogeneity among the studies using the I2 statistic.

2.6. Data Synthesis and Statistical Analysis

The performance of each ML model was assessed using discrimination and calibration as
primary outcome measures. Discrimination, or the concordance index (C-index), is comparable to the
Area under the Receiver Operating Characteristic Curve (AUROC) and reflects the model's ability to
distinguish outcomes[15]. The AUROC categorizes the model's performance as follows: none
(AUROC <0.6), poor (AUROC 0.6-0.7), fair (AUROC 0.7-0.8), good (AUROC 0.8-0.9), and excellent
(AUROC 0.9-1).

We also performed a meta-analysis using STATA software (version 17). The primary effect size
was the AUC with its 95%Cl. We used a random-effects model to account for potential heterogeneity
among studies. Heterogeneity was assessed using the I? statistic, providing an estimate of the
proportion of variation among the included studies. I? values ranging from 0-25%, 25-50%, 50-75%,
and above 75% indicate very low, low, moderate, and high heterogeneity, respectively. Forest plots
were generated to visualize the effect sizes and CI for each study and the overall pooled effect
size[16].

The 95%CI for those studies just reported the AUC was calculated by estimating the standard
error (SE), following a formula by Hanley and McNeil[17]:

AUC.(1— AUC) + (n, — 1).(Q, — AUC?) + (n, — 1).(Q, — AUC?)

ny.n,

M

SE (AUC) = J

e 71, is the number of cases with kidney complication
e n, is the number of cases without kidney complication
e (Q, and Q, are constants calculated as:

AUC
Q1 = (2-AUC) @
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2
Q2 = (ifXEC) ©)
Margin of Error (MOE): Multiplication of the SE(AUC) by the critical value z* (1.96):
MOE = z*.SE(AUC) 4)
Confidence Interval: Adding and subtracting the MOE from the estimated AUC:
95%Cl,y¢c = (AUC — MOE, AUC + MOE) ()

The 95%ClI for those studies just reported by definition of true positives (TPs), true negatives

(TNs), false positives (FPs), false negatives (FNs).

Moreover, Accuracy ((TP+TN)/(TP+FP+EN+TN)), Sensitivity (TP/(TP+EN)), Specificity
(TN/(TN+FP)), and Precision (TP/(TP+FP)) were calculated by estimating the standard error (SE),
following these formulas:

Accuracy: SE = JAccuracy.(l—Accuracy) (6)
TP+TN+FN+FP

Sensitivity: SE = JSensitivity.(l—Sensitivity) (7)
TP+FN

Speciﬁcity: SE = \/Specificity.(1—Specificity) (8)
TN+FP

Precision: SE = JPrecision.(l—Precision) (9)
TP+FP

And the next steps — MOE and 95%Cl — are calculated as the formula (2) and (3), in calculating
95%CI(AUC).

A formal publication bias assessment was not planned because of the limited number of
included studies in each ML model meta-analysis (<10 studies) which makes it difficult to assess
publication bias robustly.

2.7. Protocol Registration

The review protocol was registered with the International Research Registry under registration
number researchregistry10434.

3. Results

A literature search across three databases resulted in 431 studies. After removing 33
duplicates and excluding 350 articles during the title and abstract screening, 48
studies were reviewed in full text. Accompanying the search of grey literature in
citation references which led to the full text review of 14 more studies. After the
exclusion of 30 studies in database search (no relevant population (n=10)[18-27], no
sufficient data (n=9)[28-36], conference abstract (n=6)[37-42], no relevant sampling
(n=4)[10,43-45], traditional statistics (n=4) [46-52], and no relevant intervention
(n=1)[53]) and 14 studies in grey literature search (traditional statistics (n=14)[50-52,54—
64]), an ultimate 14 studies were included in the final analysis [60,65-77] (Figure 1).


https://doi.org/10.20944/preprints202407.0156.v1

Identification

Screening

Included

Identification of studies via databases and registers

Identification of studies via other methods

Records identified from*:
PubMed (n = 12)
Scopus (n = 350)
Embase (n = 69)

Records removed before
»| Screening:

|

Records screened
(n = 398)

A4

Reports sought for retrieval
(n=48)

Reports assessed for eligibility
(n=48)

[

Studies included in review
(n=14)

Duplicate records removed
(n=33)

Records identified from:
Citation searching (n = 14)

> Records excluded

(n = 350)

v

»| Reports not retrieved

(n=0)

Reports sought for retrieval
(n=14)

Reports not retrieved

\4

Reports excluded:

_— No relevant population (n=10)

No sufficient Data (n=9)
Conference abstract (n=6)

No relevant Sampling (n=4)
Traditional Statistics (n=4)

No relevant intervention (n=1)

Reports assessed for eligibility
(n=0)

(n=0)

\4

Figure 1. PRISMA Flow chart of the systematic review process.

Reports excluded:
Traditional Statistics (n = 14)

3
@
=
=
=1
@
=
)
=
s
=
=
@
k]
§
@
=
=
Z
@]
_|
U
[Tl
[T
2
Py
M
<
=
m
@)
U
o
@)
o
=L
(N)
(&
=
<
[N)
o
)
~

TA'QSTO L0¥C0¢siulidal



https://doi.org/10.20944/preprints202407.0156.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2024

3.1. Study Characteristics

The extracted studies were from China (42.86%), the United States (35.7%), Korea, Japan, and
Iran (7.14% each). About 50% of datasets were split into Validation and 100% into training sets;
however, due to heterogeneity in reporting, percentages for those split into testing are not provided.
Among all the studies, the learning models RF (64.3%), XGBoost (28.58%), and DT (21.43%) were the
most frequently used, and the model RF and XGBoost were considered the most efficient performing
predictor model in 6 (42.86%)[60,67,70,73,75,77], and 2 (14.28%)[65,76] studies, respectively.

The study population characteristics in the included studies comprised patients diagnosed with
ACS (7.14%)[67] and AMI (7.14%)[73] who underwent PCI. Additionally, some studies focused on
patients with unreported heart problems who were generally registered in the database and had
undergone just PCI (57.1%)[60,65,66,68,71,72,74,76] or vascular intervention (PCI and CAG)
(28.57%)[69,70,75,77]. Regarding the classification of renal complications post-intervention, based on
the defined criteria, patients were reported in one of four categories:

CIN: is defined as an increase in serum creatinine of 225% or 20.5 mg/dL from baseline within 48-72
hours after contrast media exposure; is reported in 35.7% of studies [60,66,68,75,77].

AKTI: according to the Kidney Disease: Improving Global Outcomes (KDIGO) criteria is defined as an
increase in serum creatinine by 20.3 mg/dL within 48 hours; or an increase in serum creatinine to 1.5
times baseline, which is known or presumed to have occurred within the prior 7 days; or Urine
volume <0.5 mL/kg/h for 6 hours; is reported in 28.57% of studies [71,72,74,76].

CI-AKI: refers to the development of AKI following the administration of contrast media. It is similar
to CIN but specifically emphasizes the occurrence of AKI as defined by the broader KDIGO criteria;
is reported in 21.43% of studies [69,70,73].

Acute Kidney Injury Network (AKIN): An abrupt (within 48 hours) reduction in kidney function,
defined as an absolute increase in serum creatinine of >0.3 mg/dL, a percentage increase in serum
creatinine of 250%, or a reduction in urine output (documented oliguria of <0.5 mL/kg/h for >6 hours);
which is reported in 14.28% of studies (65, 67).

Additionally, Chenxi Huang et al. (74) evaluated its statistical methods by considering three
cutoffs in the serum creatinine elevation (= 0.3, > 0.5, and = 1.0 mg/dL).

3.2. Feature of Importance and Predictors

In total, the most significant predictors and features considered for dataset analysis with
machine learning models include Age (100%), Creatinine/Serum Creatinine (57.14%), Left Ventricular
Ejection Fraction (LVEF) (50%), Hemoglobin (50%), Diabetes Mellitus (42.86%), Congestive Heart
Failure/Heart Failure (35.7%), chronic kidney disease (CKD) (28.57%), Body Mass Index
(BMI)/Weight/Height (28.57%), and Estimated Glomerular Filtration Rate (eGFR)/Baseline eGFR
(21.43%). However, due to the high heterogeneity across study populations and varying importance
coefficients of each feature in ML data analysis, the feasibility of reporting and correlating these
features with other outcomes and variables in regression analysis is limited.

3.3. Meta-Analysis Outcomes

In a comprehensive pooled analysis of included studies, the predictive performance of various
ML models for assessing kidney complications following cardiac interventions was evaluated. The
primary metric used was the AUROC, complemented by measures of heterogeneity (I?) and
subgroup analyses.

Considering Training Datasets, the meta-analysis of ML models for predicting kidney
complications reveals that the GBM and SVM exhibit the highest pooled AUC values of 0.87 and 0.85,
respectively, with low (I> GBM: 28.82%) and very low heterogeneity (12 SVM: 0.01%), indicating robust
and consistent performance across studies (Figures 2 and 3A).

d0i:10.20944/preprints202407.0156.v1
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The RF model, while demonstrating a similar pooled AUC of 0.85, shows significantly high
heterogeneity (98.32%), particularly within the CI-AKI (99.49%) and vascular intervention (89.82%)
subgroups, suggesting variability in effectiveness across different patient populations (Figure 4A-C).

MLP and XGBoost models achieve pooled AUCs of 0.79 but exhibit high heterogeneity (MLP:
81.98%, XGBoost: 99.70%), indicating inconsistent performance (Figures 5 and 6A). XGBoost AKI
subgroup analysis showed increased pooled AUC (0.82), and high heterogeneity (99.86%) (Figure
6C). The pooled AUC analysis, considering Fangfang Zhou et al. [69] and Chenxi Huang et al. [76]
and excluding David E. Hamilton et al. [65] study resulted in a reduction of the effect size (0.74) and
a decrease in the final heterogeneity (70.67%), as well (Figure 6B).

NB and DT models, with pooled AUCs of 0.78, also show moderate to high heterogeneity (NB:
67.55%, DT: 92.92%), although DT demonstrates consistent performance in the PCI subgroup (I*:
0.04%) (Figures 7A and 8A,B).

Overall, GBM and SVM are the most reliable models, while the performance of RF, MLP,
XGBoost, NB, and DT varies significantly across different clinical scenarios, highlighting the need for
careful model selection based on specific patient characteristics and clinical settings (Table 3).
Relevant Data for each ML model is available in Supplementary Table S2.

3.4. Pooled Analysis of Machine Learning Models Metrics

The pooled analysis of ML models illustrates nuanced performance metrics across different
classifiers. RF exhibits strong overall accuracy (0.83, 95% CI: 0.70-0.96), with moderate sensitivity
(0.58, 95% CI: 0.21-0.96) and specificity (0.71, 95% CI: 0.60-0.82), alongside modest precision (0.40,
95% CI: 0.21-0.59) (Figure 4D-G). SVM demonstrates balanced sensitivity (0.69, 95% CI: 0.63-0.75) and
specificity (0.73, 95% CI: 0.60-0.86), highlighting its discriminative capability in classifying outcomes
(Figure 3B,C). NB prioritizes sensitivity (0.54, 95% CI: 0.41-0.67), emphasizing its role in accurately
predicting positive outcomes in clinical scenarios (Table 4). Relevant Data for each ML model is
available in Supplementary Table S2.
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Table 1. Demographic Characteristics of included studies, ML model type, predictors, included patients, and AKI definition.

Predictors

Included Patients

AKI definition

Age, Sex, Body Mass Index (BMI), Smoking Status,
Diabetes Mellitus, Hypertension, Hyperlipidemia,
Prior Myocardial Infarction, Prior Coronary Artery
Bypass Grafting (CABG), Prior Percutaneous
Coronary Intervention (PCI), Congestive Heart
Failure, Peripheral Vascular Disease, Chronic Lung
Disease, Chronic Kidney Disease, Stroke or Transient
Ischemic Attack (TTA), Left Ventricular Ejection
Fraction (LVEF), Systolic Blood Pressure, Diastolic
Blood Pressure, Heart Rate, Hemoglobin, Platelet

Count, Creatinine, and Cholesterol

patients undergoing PCI

procedures

AKIN stage 1 or greater with
absolute Cr increase of >0.3mg/dL

or relative Cr increase >50%.

Age, history of chronic kidney disease (CKD),
hematocrit result, troponin I level, blood urea
nitrogen (BUN) level, base excess, and N-terminal

pro-brain natriuretic peptide (NT-proBNP) level.

Patients underwent PCI at
After excluding patients due
to a history of ESRD, HD, or
recent PCI, and those
without medical records for

at least one year prior

individual creatinine test results
higher than the minimum
creatinine test value of the past 2
days by 20.3 mg/dL or an increase
in creatinine >1.5x the average

value of the past seven days.

Reference Country  Model Type
David E. USA XGBoost
Hamilton et LR
al. 2024 [65]
Heejung Choi  Korea GBM
et al. 2024 [66] RF
LR
DT
Adaboost
Behnoush et  Iran RF
al. 2024 [67] LR
CatBoost
MLP
NB

Left Ventricular Ejection Fraction (LVEF), Age,
Fasting Plasma Glucose (FPG), Last Creatinine
before PCI, Acute Myocardial Infarction (MI),
Aborted Cardiac Arrest, CPR in PCI, Mean
Creatinine, eGFR, Body Mass Index (BMI)

Acute Coronary Syndrome
(ACS) patients undergoing
Percutaneous Coronary

Intervention (PCI)

Acute Kidney Injury (AKI) defined
by the acute kidney injury necrosis
(AKIN) criteria: absolute increase
of 2 0.3 mg/dL or a relative increase
of 2 50% in serum creatinine after

the procedure
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Xiao Maetal. China
2023 [68]

LR

RR

NB
KNN
SVM

DT

RF
XGBoost

uric acid, peripheral vascular disease, cystatin C,
creatine kinase-MB, haemoglobin, N-terminal pro-
brain natriuretic peptide, age, diabetes, systemic
immune-inflammatory index, total protein, and low-

density lipoprotein

Patients with coronary heart

disease undergoing elective

PCI

increase in serum creatinine (SCr)
level by >0.5 mg/dL (>44.2 pmol/L)
or increase in SCr to 225% over
baseline within 48-72 hours after
contrast agent administration, or
urine volume <0.5 mL/kg/h for 6

hours

Fangfang China
Zhou et al.
2023 [69]

LR

RF
GBDT
XGBoost
NB

Neutrophil-to-Lymphocyte Ratio (NLR), serum
creatinine concentration, fasting plasma glucose

concentration, use of 3-blocker

patients who underwent
elective vascular
intervention, coronary
angiography, and
percutaneous coronary

intervention

An increase in serum creatinine
(Scr) 226.5 umol/L within 48 hours
of contrast medium (CM)
administration or > 1.5 times the

baseline value.

Duanbin Liet China
al. 2022 [70]

RF

Age, Hemoglobin, N-terminal of the prohormone
brain natriuretic peptide (NT-proBNP), cardiac
troponin I (cTnl), neutrophil-to-lymphocyte ratio
(NLR), C-reactive protein (CRP), eGFR (estimated

filtration rate).

patients undergoing
coronary angiography
(CAG)

An increase in serum creatinine
(Scr) 244 pmol/L (0.5 mg/dL) or
>25% within 72 hours after

intravascular administration of

iodinated contrast agents.

Toshiki Kuno  Japan
et al. 2022 [71]

Light GBM
LR

Age, chronic kidney disease (eGFR), previous heart
failure, diabetes mellitus, cerebrovascular disease,
heart failure at admission, cardiogenic shock at
admission, cardiopulmonary arrest at admission, use
of intra-aortic balloon pump, ST-elevation

myocardial infarction, non-ST-elevation myocardial

Patients undergoing PCI

AKI defined as an absolute increase
of 0.3 mg/dL or a relative increase

of 50% in serum creatinine
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infarction/unstable angina, and preprocedural

hemoglobin.
Hemant USA MLP Not being on dialysis, having CKD, undergoing Patients undergoing PCI Acute kidney injury network
Kulkarni et emergent PCI as an inpatient, and pre-PCI troponin (AKIN) stage 1 or greater or a new
al. 2021 [72] T levels requirement for dialysis following
PCI
Sun L et al. China DT Neutrophil percentage, Age, Free triiodothyronine Patients diagnosed with AMI  Increase in creatinine by 20.3 mg/dl
2020 [73] SVM (FT3), Preoperation hypotension, Serum creatinine, undergoing PCI within 48 hours.
RF Hemoglobin, Low-density lipoprotein cholesterol, Increase in creatinine to >1.5 times
KNN Total triglycerides, Brain natriuretic peptide, White baseline within the prior 7 days.
NB blood cell count, High-density lipoprotein Urine volume <0.5 ml/kg/h for 6
GB cholesterol, Heart rate, Body mass index, Cardiac hours.
LR troponin I, Systolic blood pressure, HbAlc, Diastolic
blood pressure, Total cholesterol, Left ventricular
ejection fraction (LVEF), Weight.
Chenxi USA GAM Age, Prior heart failure, Cardiogenic shock w/in 24 Patients undergoing PCI Acute Kidney Injury (AKI) was
Huang et al. hours, Cardiac arrest w/in 24 hours, Diabetes defined using three thresholds for
2019 [74] mellitus composite, CAD presentation composite, pre-procedure to post-procedure
Heart failure w/in 2 weeks composite, Pre-procedure creatinine level increase:
GFR, Pre-procedure hemoglobin, Admission source, >0.3 mg/dL
Body mass index, PCI status, Pre-PCI ventricular >0.5 mg/dL
ejection fraction >1.0 mg/dL
Liu, Y et al. China RF Age (years), Log BNP (pg/mL), SBP (mmHg), LVEF Patients aged > 18 years Increase in
2019[75] (%), Serum creatinine (mg/dL), Serum albumin (g/L), undergoing PCI or CAG SCr =2 0.5 mg/dL from baseline

Serum urea nitrogen (mg/L), Haemoglobin (g/L),

between January 2010 and
December 2013

within 48-72 h after Procedure
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Heart rate (b.p.m.), CKMB (U/L), Haematocrit (%), K
(mmol/L), Uric acid (mmol/L)

Age, Prior heart failure, Cardiogenic shock within 24
hours (no versus yes), Cardiac arrest within 24 hours
(no versus yes), Diabetes mellitus composite (no
versus yes, insulin versus yes, others), CAD
presentation composite (non-STEMI versus others),
Heart failure within 2 weeks composite (no versus
yes, NYHA class IV versus yes, others),
Preprocedure GFR, Preprocedure hemoglobin,
Admission source (emergency department versus
others), Body mass index, PCI status (elective versus
emergency versus others), Pre-PCI left ventricular

ejection fraction

Patients undergoing PCI

Post-PCI AKI defined by Acute
Kidney Injury Network (AKIN)
Increase in serum creatinine > 0.3

mg/dL or 1.5-fold from baseline

Baseline eGFR, RDW, Triglycerides, Most recent
serum creatinine before the procedure, HDL, Total
cholesterol, LDL, BUN, P-LCR, Serum sodium,
Plateletocrit (PCT), INR, Blood glucose

Treated patients with CM for
CAG or PCI or received
intravenous CM such as for
CT or endovascular

procedures

Increase in serum creatinine of 0.5
mg/dl (44.2 pmol/L) or 25% relative
increase in serum creatinine within

72 hours after exposure to CM

Chenxi USA LightGBM
Huang et al. XGBoost
2018 [76] LR
Wen-jun Yin China RF

etal. 2017 [77]

Hitinder S. USA RF

Gurm et al.

2013 [60]

PClI indication, PCI status, CAD presentation,
cardiogenic shock, heart failure within 2 weeks, pre-
PClI left ventricular ejection fraction, Diabetes
mellitus/diabetes therapy, Age, weight, height,
Creatine kinase-MB, serum creatinine, hemoglobin,

troponin I, troponin T.

patients undergoing
percutaneous coronary

intervention (PCI)

an impairment in renal function
resulting in a 20.5 mg/dl increase in
serum creatinine from baseline
within a week following the

procedure
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Table 2. Summary of Best Performing ML model with AUC (95%CI) and number of patients in each dataset (Train, Validation, Test). é
Reference Best Training Data set Validation Data set Testing Data set AUC in E
Performing Training =l
Model With Kidney Without Kidney With Kidney Without Kidney With Kidney Without Kidney Dataset g
Complication Complication Complication Complication Complication Complication Mean, %
(95%CTI) §
David E. XGBoost 1623 63052 1082 42035 - - 0.893 (0.883- T
Hamilton et al. 0.903) %
2024 [65] e
Heejung Choiet GBM 1185 37296 460 10645 - - 0.875 (0.853— I_Sn
al. 2024 [66] 0.897) E
Behnoushetal. RF 517 3155 - - 129 791 0.775 (0.730- —
2024 [67] 0.818) g
Xiao Ma et al. SVM 26 142 - - 11 61 0.821 (0.719 - 3
2023 [68] 0.923) ;
Fangfang Zhou  NB 84 1477 - - 36 633 0.774 (0.742, f)
o
et al. 2023 [69] 0.806) N~
Duanbin Li et RF 680 2828 - - 280 1385 0.766 (0.737-
al. 2022 [70] 0.794)
Toshiki Kuno et Light GBM 1587 15057 - - 213 2365 0.790 (0.776,
al. 2022 [71] 0.804)
Hemant MLP 1532 19472 - - 482 6519 0.8175
Kulkarni et al. (0.8023 —
2021 [72] 0.8326)
SunLetal. 2020 RF 169 953 57 316 - - 0.995 (0.993-
[73] 0.998)
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Chenxi Huang GAM 228310 1848384 112697 849146 - - 0.777 (0.775-
etal. 2019 [74] 0.779)!

0.839 (0.837-

0.841)2

0.870 (0.867-

0.873)3
Liu, Y et al. RF 78 2350 37 1004 - - 0.854 (0.796—
2019[75] 0.913)
Chenxi Huang XGBoost 48878 614085 20948 263180 - - 0.752 (0.749-
et al. 2018 [76] 0.754)
Wen-jun Yin et RF 942 6098 231 1529 - - N.A.
al. 2017[77]
Hitinder S. RF 1243 46758 - - 505 20067 0.839 (0.821 -
Gurm et al. 0.857)
2013 [60]

1,2, and 3 are AUC for creatinine level increase > 0.3 mg/dL, creatinine level increase > 0.5 mg/dL, and creatinine level increase > 1.0 mg/dL, respectively. AUC: Area Under the Curve;
CI: Confidence Interval; GAM: Generalized Additive Model; GBM: Gradient Boosting Machine; Light GBM: Light Gradient Boosting Machine; MLP: Multi-layer Perceptron; N.A.:

Not Available; NB: Naive Bayes; RF: Random Forest; SVM: Support Vector Machine; XGBoost: Extreme Gradient Boosting.
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Table 3. Pooled AUC (95%CI) of each ML model with Subgroup Analysis within Kidney
Complications and Included Patients. AUC: Area Under the Curve; AKI: Acute Kidney Injury; CI:
Confidence Interval; CI-AKI: Contrast-Induced Acute Kidney Injury; CIN: Contrast-Induced
Nephropathy; DT: Decision Tree; GBM: Gradient Boosting Machine; MLP: Multilayer Perceptron; NB:
Naive Bayes; PCI: percutaneous coronary intervention; RF: Random Forest; SVM: Support Vector Machine.

Subgroup analysis

Model  Pooled AUC (95%CI) Pooled I? [Pooled AUC (95%ClI). Pooled I’]
Kidney Complication Included Patients
AKI CI-AKI CIN PCI Vascular intervention

GBM 0.87 (0.84 —0.89) 28.82% - - - - -
SVM 0.85(0.82-0.88) 0.01% - - - - -

RF 0.85(0.79-0.92) 98.32% - 0.87 0.85 0.85 0.80

(0.63 —1.12) | (0.83 —0.86) | (0.83 —0.86) (0.69 —0.90)
99.49% 5.01% 18.43% 89.82%
MLP 0.79 (0.73 —0.85) 81.98% - - - - -
XGBoost 0.79 (0.68 —0.89) 99.70% 0.82 - - -
(0.68 — 0.96)
99.86%
NB 0.78 (0.74 —082) 67.55% - - - - -
DT 0.78 (0.68 —0.88) 92.92% - - - 0.82 -
(0.80 — 0.85)
0.04%

Table 4. Pooled Metrics (Accuracy, Sensitivity, Specificity, and Precision) (95%CI) of each ML model.
CI: Confidence Interval; ML: Machine Learning; NB: Naive Bayes; RF: Random Forest; SVM: Support
Vector Machine.

ML Accuracy Sensitivity Specificity Precision
model Pooled effect Pooled Pooled effect Pooled Pooled effect Pooled Pooled effect Pooled
size (95%CI) 2 size (95%CI) I size (95%CI) I size (95%CI) 2
RF 0.83 99.65% 0.58 99.55% 0.71 99.23% 0.40 98.56%
(0.70. 0.96) (0.21, 0.96) (0.60, 0.82) (0.21, 0.59)
SVM - - 0.69 57.70% 0.73 92.51% - -
(0.63. 0.75) (0.60. 0.86)
NB - - 0.54 88.53% - - - -
(0.41. 0.67)
Effect size Weight
Study with 95% CI (%)

——— 0.88[0.85, 0.90] 6543

0.85[0.82, 0.89] 3457
0.87 [0.84, 0.89]

Heejung Choi et al.

L]
——m

SunLetal.

Overall

Heterogeneity: T = 0.00, I = 28.82%, H' = 1.40
Test of 8 = B;: Q(1) = 1.40, p = 0.24

Testof 6 =0:z=72.87, p=0.00

Random-effects REML model

Figure 2. Forest plot showing the Pooled AUC (95%CI) of the GBM model and its heterogeneity (I?).
AUC: Area Under the Curve; CI: Confidence Interval; GBM: Gradient Boosting Machine.
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Heterogeneity: 7° = 0.00, I = 0.01%, H = 1.00
Test of 6, = 6; Q(1) = 0.29, p = 0.59

Testof 6 =0:z=57.71, p=0.00

0.82[0.72, 0.92] 7.97
0.85[0.82, 0.88] 92.03

0.85[0.82, 0.88]

Random-effects REML model

(A)

Effect size Weight
Study with 95% Cl (%)
Xiao Ma et al. 2023 — 0.66[0.61, 0.71] 53.49
Sun L et al. 2020 —B— 0.72[066, 0.78] 46.51

Overall

Heterogeneity: 1° = 0.00, I* = 57.70%, H’ = 2.36
Test of 6= 6: Q(1)=2.36, p=0.12

Test of 8 = 0: z=23.36, p = 0.00

0.69[0.63, 0.75]

Random-effects REML model

Study

(B)

Effect size
with 95% CI

Weight
(%)

Xiao Ma et al. 2023
Sun L etal. 2020

Overall

Heterogeneity: T° = 0.01, I° = 92.51%, H’ = 13.35
Test of 8 = 6: Q(1) = 13.35, p = 0.00

Testof 8 =0:z=10.82, p=0.00

0.80[0.73, 0.87] 47.54
0.67[0.64, 0.70] 52.46

0.730.60, 0.86]

Random-effects REML model
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Figure 3. Forest plot showing the Pooled AUC (95%CI) of the SVM model (A); Pooled Sensitivity
(95%CI) (B) and Specificity (95%CI) (C) with each heterogeneity (I?). AUC: Area Under the Curve; CI:
Confidence Interval; SVM: Support Vector Machine.
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Figure 4. Forest plot showing the Pooled AUC (95%CI) of the RF model (A); Subgroup analysis in
Kidney Complications (B); Subgroup analysis in Included patients (C); Pooled Accuracy (95%CI) (D);
Pooled Sensitivity (95%CI) (E); Pooled Specificity (95%CI) (F); Pooled Precision (95%CI) (G) with each
heterogeneity (I2). AUC: Area Under the Curve; CI: Confidence Interval; RF: Random Forest.
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Effect size Weight

Study with 95% CI (%)
Behnoush et al. 2024 ] 0.76 [0.71, 0.81] 42.62
Hemant Kulkarni et al. 2021 —— 0.82[0.80, 0.83] 57.38
Overall e —— ()79 [ 0.73, 0.85]

Heterogeneity: T° = 0.00, I* = 81.98%, H* = 5.55
Test of 6, = 8;: Q(1) = 5.55, p = 0.02
Test of 6 = 0: z = 26.46, p = 0.00

Random-effects REML model

Figure 5. Forest plot showing the Pooled AUC (95%CI) of the MLP model and its heterogeneity (I2).
AUC: Area Under the Curve; CI: Confidence Interval; MLP: Multilayer Perceptron.
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Chenxi Huang et al. | 0.75[0.75, 0.75] 33.79 Chenxi Huang et al. | 0.75[0.75, 0.75] 33.79
overall N — (79 [ 0.68, 0.89] Heterogeneity: T = 0.01, I’ = 99.86%, H' = 718,80 e —-05-{-0.G8, 0.96]
Heterogeneity: 1° = 0.01, I’ = 99.70%, H' = 332.43 Test of @ = 6;: Q(1) = 718.80, p = 0.00
Test of 6, = B; Q(2) = 724.08, p = 0.00
Testof 6 =0: 2= 14.70, p = 0.00 CLAKI
4 o L Fangfang Zhou et al. —i— 0.72[0.68, 0.75] 32.51
Random-eflects REML model (A) STy 2 2
Heterogeneity: T =0.00, I' = %, H = . —— 0.72[0.68, 0.75]
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Heterogeneity: 1" = 0.01, I = 99.70%, H" = 332.43
) e —74 | 0.71, 0.77]
T : » L 1 Test of 8 = 8; Q(2) = 724.08, p = 0.00
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Testof 8 = 0:2=45.49, p= 0.00 7 8 9
o8 T 72 14 T8 Random-effects REML model (C)

Random-effects REML mode! (B)

Figure 6. Forest plot showing the Pooled AUC (95%CI) of the XGBoost model (A); Subgroup analysis
in Kidney Complications (B); Subgroup analysis in Included patients (C); Pooled Accuracy (95%CI)
(D); Pooled Sensitivity (95%CI) (E); Pooled Specificity (95%CI) (F); Pooled Precision (95%CI) (G) with
each heterogeneity (I?). AUC: Area Under the Curve; CI: Confidence Interval.
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Effect size Weight
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Behnoush et al. —— 0.76[0.72, 0.81] 27.25
Xiao Ma et al. O 0.71[0.59, 0.83] 9.05
Fangfang Zhou et al. — = 0.77[0.74, 0.81] 32.48
Sun Letal. —jJl— 083[0.79, 0.86] 31.22
Overall - 0.78[0.74, 0.82]

Heterogeneity: T° = 0.00, I = 67.55%, H’ = 3.08
Testof 8=6;: Q(3)=9.24,p=0.03
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Random-effects REML model (A)
Effect size Weight
Study with 95% ClI (%)
Behnoush et al. —— 0.76 [0.72, 0.81] 32.52
Xiao Ma et al. 0.71[059, 0.83] 4.63
Fangfang Zhou et al. —— 0.77[0.74, 0.81] 62.86
Overall S 0.77 [0.74, 0.79]

Heterogeneity: 7° = 0.00, I = 0.03%, H’ = 1.00
Test of ,= 67 Q(2) = 1.17, p=0.56
Testof 8 =0:z=59.26, p =0.00
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Random-effects REML model (B)
Effect size Weight

Study with 95% CI (%)
Behnoush et al. 2024 — 0.48[0.45 051] 54.36
Fangfang Zhou et al. 2023 —— 061[0.53, 0.69] 45.64
Overall e (.54 [ 0.41, 0.67]
Heterogeneity: T° = 0.01, I° = 88.53%, H’ = 8.72
Testof 8 = 8: Q(1) = 8.72, p = 0.00
Testof 8=0:z=28.32, p=0.00

4 5 6 7

Random-effects REML model (C)

Figure 7. Forest plot showing the Pooled AUC (95%CI) of the NB model (A); Pooled AUC (95%CI)
after excluding one study (B); Pooled Sensitivity (95%CI) (E) with each heterogeneity (I?). AUC: Area
Under the Curve; CI: Confidence Interval; NB: Naive Bayes.


https://doi.org/10.20944/preprints202407.0156.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2024 d0i:10.20944/preprints202407.0156.v1

18

Effect size Weight

Study with 95% CI (%)
Heejung Choi et al. 2024 E B 0.82[0.80, 0.85] 36.91
Xiao Ma et al. 2023 ———0.84[0.75, 0.94] 28.04
Sun L et al. 2020 —— 0.68[0.63, 0.73] 35.05
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6 7 8 9
Random-effects REML model (A)
Effect size Weight
Study with 95% CI (%)
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Figure 8. Forest plot showing the Pooled AUC (95%CI) of the DT model (A); Subgroup analysis in
Included patients (B); with each heterogeneity (I12). AUC: Area Under the Curve; CI: Confidence
Interval; DT: Decision Tree.

3.5. Quality Assessment

Based on the PROBAST criteria, the included studies exhibit variable risk of bias (ROB) and
applicability. Participant selection biases were predominantly low in eight studies (57.14%)[60,68,70—
73,75,76], predictor assessment biases were low in nine studies (64.29%)[60,66,67,70,71,74-77], and
outcome assessment biases were low in seven studies (50%)[66,68,71-73,75,76]. However, analysis
biases were mostly unclear in six studies (42.86%)[65,66,72-75], indicating potential methodological
issues (Figure 9). Overall, four studies (28.57%)[60,71,75,76] demonstrated low ROB across all
domains, while six studies (42.86%)[65,66,70,72-74] had unclear ROB, and four studies (28.57%)[67—
69,77] exhibited high ROB. Applicability concerns were generally low, with eleven studies
(78.57%)[60,65,66,68,70-76] showing low concerns, two studies (14.29%)[69,77] with unclear
concerns, and one study (7.14%)(67) with high concerns. These findings highlight the robustness of
predictor and outcome assessments in many studies, despite some methodological uncertainties in
analysis, underscoring the need for careful interpretation of results.
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Figure 9. PROBAST results of included studies.

4. Discussion

Our study is the pioneering research that systematically evaluated the predictive performance
of various ML models for assessing kidney complications post-cardiac interventions. GBM and SVM
exhibited the highest predictive performance with pooled AUCs of 0.87 and 0.85, respectively, and
low heterogeneity. RF, despite a similar AUC, showed high heterogeneity, indicating variable
effectiveness. Models like MLP, XGBoost, NB, and DT demonstrated inconsistent performance across
studies. Moreover, predictors for kidney complications post-cardiac interventions showed the
highest frequency of Age, Creatinine, LVEF, and Hemoglobin among the most significant.

4.1. Pathophysiology of Kidney Complications after PCI

PCI and CAG can cause AKI through multiple mechanisms including hemodynamic changes,
inflammatory responses, microemboli, and CIN [78]. Hemodynamic changes, such as transient
hypotension and impaired renal autoregulation, decrease renal perfusion, leading to ischemia and
acute tubular necrosis[79]. Inflammatory responses, triggered by cytokines like IL-6, TNF-a, and IL-
1B, cause endothelial dysfunction, reducing nitric oxide production and increasing vascular
resistance[80]. Microemboli from atheroembolic events can occlude renal arterioles, leading to focal
ischemia and atheroembolic renal disease (AERD)[81]. CIN results from the direct cytotoxicity of
contrast media, which increases intracellular calcium, induces apoptosis and causes oxidative stress
via reactive oxygen species (ROS)[82]. Additionally, contrast media increases blood viscosity,
exacerbating medullary hypoxia and stabilizing hypoxia-inducible factors (HIFs)(78). These
combined effects lead to CI-AKI with tubular obstruction from precipitated contrast media and
cellular debris, increased intratubular pressure, and endothelial dysfunction due to reduced nitric
oxide and increased endothelin levels[80].

4.2. Predictors of AKI/CIN post-PCI/CAG

ML models have shown promising results in identifying early predictors of AKI and CIN. These
models leverage large datasets to uncover complex patterns and interactions between variables that
are not apparent through traditional statistical methods. For instance, a study by Mo et al. in 2021
developed a predictive model for CIN using ML techniques, which included baseline uric acid level,
creatine kinase-MB level, and log(N-terminal pro-brain natriuretic peptide) level as independent
predictors[83].

Another study by Choi et al. in 2024 utilized a gradient boosting machine model to predict AKI,
highlighting the importance of pre-catheterization variables such as age, known chronic kidney
disease, hematocrit, troponin I, blood urea nitrogen, base excess, and N-terminal pro-brain natriuretic
peptide[84].
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Identifying early predictors of conditions inducing AKI/CIN is crucial for improving patient
outcomes and guiding clinical practices following PCI/CAG. Here, we classify some of these
developing predictors based on clinical, biochemical, and procedural factors:

4.2.1. Clinical Predictors

Pre-existing Renal Dysfunction: Baseline renal impairment is a well-established risk factor for
AKI and CIN. A multivariate logistic regression analysis by Mehran et al. [52] demonstrated that a
baseline creatinine clearance of <60 mL/min was associated with a 20% incidence of CIN post-PCI,
significantly higher than in patients with normal renal function (p < 0.001). To be added, most
unsupervised models (XGBoost, GBM, and Light GBM) have also been successful in predicting renal
failure following PCI by selecting the feature of previous renal insufficiency, both in terms of GFR
levels and the history of CKD [65,66,71]. This could be due to unsupervised models’ ability to
discover complex patterns, analyze high-dimensional data, detect latent variables, identify outliers,
adapt dynamically, and integrate heterogeneous data.

Diabetes Mellitus: Diabetes is associated with microvascular damage and increased oxidative
stress, contributing to a higher risk of nephropathy. A study by F. Nassir et al. found that diabetic
patients had a three times higher likelihood of developing CIN compared to non-diabetic
patients[85]. Additionally, both supervised and unsupervised models incorporate DM as an explicit
feature and contribute to the identification of underlying patterns and patient subgroups with similar
risk profiles. Multivariable Logistic Regression, LR, and RF models use historical data to learn the
association between DM and AKI, factoring in hyperglycemia-induced microvascular damage,
increased susceptibility to contrast-induced nephropathy, and heightened systemic
inflammation[46,49,60,68]. However, XGBoost, SVM, and DT models can reveal latent relationships
and interactions between DM and other clinical variables, such as hypertension, duration of diabetes,
and medication use, thus uncovering hidden structures within the data that indicate higher AKI risk
[65,68,71,76].

4.2.2. Biochemical Predictors

Cystatin C: This low molecular weight protein is a sensitive biomarker of renal function,
independent of muscle mass. Comparative studies have shown that cystatin C is a superior early
marker for AKI when compared to traditional biomarkers like serum creatinine. A systematic review
and meta-analysis indicated that serum cystatin C had a higher diagnostic odds ratio for predicting
AKI[86]. Moreover, the combination of cystatin C with other markers, such as neutrophil gelatinase-
associated lipocalin (NGAL), improved the accuracy of AKI detection and prognosis in critically ill
patients[87]. In 2023, Xiao Ma et al. [88] showed the superiority of the SVM model in predicting CIN,
by considering Cystatin C with other clinical features, with a total AUC value of 0.821, in patients
undergoing PCL

Neutrophil Gelatinase-Associated Lipocalin (NGAL): NGAL is an early biomarker of tubular
injury. A meta-analysis by Haase et al. found that NGAL levels measured 2 hours post-contrast
exposure had an AUC of 0.85 for predicting AKI, using a bivariate generalized linear model (p <
0.001). This demonstrates NGAL's strong predictive value for early diagnosis of AKI[89].

In 2014, C. Liebetrau et al.[90] evaluated urinary NGAL's different status (baseline, 4 hours after,
1 day, and 2 days after PCI) via Multivariate Cox regression analysis to evaluate the prediction of CI-
AKI. They showed that the AUC of the first day, second day, baseline, and 4 hours after PCI, have
values of 0.939, 0.688, 0.565, and 0.786, respectively, suggesting the effectiveness of timing urinary
NGAL in predicting kidney insufficiency.

Additionally, NGAL has been shown to predict AKI effectively in various clinical settings. For
instance, Mishra et al. [91] reported that urine NGAL levels rose significantly within 2 hours after
cardiopulmonary bypass surgery in children, correlating strongly with subsequent AKI
development. This is an issue that can be considered in the feature selection analysis of future ML
studies.

d0i:10.20944/preprints202407.0156.v1
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Interleukin (IL) Status: As a pro-inflammatory cytokine, IL-18 is released by renal tubular cells
in response to ischemic injury. Wybraniec et al.[92] found that post-procedural IL-18 levels were
strong predictors of CI-AKI. This study demonstrated that incorporating IL-18 into predictive models
enhanced the early diagnosis of AKI. This is in line with another relevant study, conducted by Musiat
et al. that utilized an RF Classifier model to predict AKI based on IL-18, showing its potential in early
detection and prognosis[93].

However, other studies highlighted that pre-procedural levels of IL-8 were significant predictors
of these early complications[94]. In this regard, in 2014, Su et al. demonstrated that RF classifiers are
incorporated in predicting nephrotoxicity based on IL-8 expression levels[95].

4.2.3. Preprocedural Predictors

Contrast Volume: High contrast volumes contribute to CIN through direct tubular epithelial
cell toxicity, medullary hypoxia from increased oxygen demand and vasoconstriction, oxidative
stress due to elevated ROS, an inflammatory response, and tubular obstruction from necrotic debris
[96-100].

Supervised ML models, such as MLR, have advanced CIN risk prediction by handling
interactions between multiple independent variables and a binary dependent variable, such as
contrast volume and other risk factors for CIN. In 2004, Mehran et al.[52] introduced the Mehran CIN
Risk Scoring System which was initially validated for non-urgent PCI procedures in patients
undergoing angioplasty. However, its utility in predicting outcomes had not been previously
assessed. Additionally, the score includes eight clinical and procedural variables (hypotension, intra-
aortic balloon pump, congestive heart failure, chronic kidney disease, diabetes, age >75 years, anemia,
and volume of contrast), making it complex for practical clinical use. A prospective cohort in 2020 by
Zhi-Feng Yao et al.[48] established four independent variables (LVEF < 40%, acute coronary
syndrome (ACS), eGFR < 60, and contrast volume > 300 mL) that significantly increased the CIN
predicting score by 5.9%, 32.9%, and 60.0%, in low-, moderate- and high-risk groups patients,
respectively.

Prolonged Procedural Time: Longer durations of PCI/CAG are associated with increased
exposure to contrast media and greater procedural complexity, both of which heighten the risk of
renal injury. McCullough et al.[101] demonstrated that procedures lasting longer than 90 minutes
were associated with a 25% increased risk of CIN (p < 0.05).

In 2023, an SVM was developed by Ma et al.[88] which incorporated procedural time, among
other clinical variables. These models are effective in high-dimensional spaces and are used when the
relationship between predictors and the outcome is complex and non-linear. However, correlation
analysis showed no significant difference between with and without CIN patients in terms of the
procedure duration (p=0.242).

Type of Contrast Media: Iso-osmolar contrast agents are generally less nephrotoxic than low-
osmolar agents. Solomon et al.[102] reported that the use of low-osmolar contrast media reduced the
incidence of all adverse events (including CIN) by nearly 3 times less than iso-osmolar agents (p <
0.05). However, others claim contradictory findings by showing that CIN is less likely to develop in
high-risk patients when iodixanol is used rather than a low-osmolar, nonionic contrast medium, that
statistically is no difference between these two groups as well [103,104]. So, it is necessary to conduct
analyses using ML models to understand the significance of this factor in predicting the occurrence
of CIN.

4.3. Best performing ML Model

Our pooled analysis of each ML model’s AUC revealed that the GBM algorithm, known for its
high accuracy and robustness, has superior predictive capabilities in this clinical setting (pooled
AUC= 0.87; 95%ClI= (0.84 — 0.89); pooled I?= 28.82%). This unsupervised machine works by creating
an ensemble of weak prediction models, typically decision trees, and optimizing them to correct
errors from previous models. The following features are often included in the model for predicting
AKI/CIN: (1) Patient demographics: Age, gender; (2) Clinical history: Diabetes, hypertension, prior

d0i:10.20944/preprints202407.0156.v1
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kidney function; (3) Procedure details: Contrast volume, procedure duration; and (4) Laboratory
results: Baseline serum creatinine, eGFR, hemoglobin levels.

Studies have demonstrated that GBM models show better discrimination than traditional LR
models(3). Besides, these models provide better-calibrated risk predictions, which is essential for
clinical decision-making(4). Moreover, GBM can handle numerous predictor variables and complex
interactions between them, enhancing its predictive power. This is in line with the results of a study
utilizing 13 variables that showed significantly better performance compared to a baseline model
with fewer variables(3). Consequently, the GBM's ability to incorporate various types of data,
including clinical and procedural details, makes it highly versatile and robust across different patient
populations and clinical settings[105].

4.4. Study Limitations

The application of ML models for predicting AKI in patients undergoing PCI is still emerging,
with limited publications on this topic, likely due to our search criteria focusing on English-language
studies. High heterogeneity among the included studies affected the consistency and comparability
of the results, and our meta-analysis may lack the statistical power to detect subtle differences
between ML models due to variability in study design and reporting standards.

External validation of ML models was insufficiently addressed, with few studies performing
such validations, limiting the generalizability of our findings. A comparison of ML models with
traditional statistical models in both internal and external validation processes would have provided
clearer insights into their predictive capabilities. Practical implementation of ML models in clinical
settings remains challenging due to data collection feasibility and model application complexities.

Our bias assessment, using the PROBAST tool, identified issues, particularly in the outcome
assessment and analysis domains. The variability in data splitting methods and diagnostic criteria
contributed to unclear or high risks of bias. Despite these limitations, bias assessment is essential, and
there is a need for a bias assessment tool specifically tailored to ML studies.

Future research should focus on larger, more diverse datasets, and prospectively evaluate ML
model performance against traditional statistical models to enhance robustness and generalizability.
Addressing practical challenges in real-world implementation will be critical for the widespread
adoption of ML models in clinical practice.

5. Conclusion

Our systematic review and meta-analysis demonstrate the robustness of ML models in
predicting AKI in PCI patients, with GBM achieving the highest pooled AUC of 0.87. Despite high
study heterogeneity and insufficient external validation, ML models show superior predictive
performance over traditional methods. Key predictive features include age, creatinine levels,
diabetes, and heart failure. Pooled analyses highlight the strong performance of SVM in balanced
sensitivity and specificity, and RF in overall accuracy. Future research should enhance real-world
applicability, validate models externally, and address implementation challenges to integrate ML
into clinical practice.
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