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A nomogram for predicting individual risk of acute kidney injury after endovascular therapy in large vessel occlusion stroke
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Objective: This study was conducted to develop and validate a nomogram model for the early prediction of acute kidney injury (AKI) in patients with acute ischemic stroke with large vessel occlusion (AIS-LVO) following endovascular therapy (EVT).

Methods: This retrospective study enrolled 450 patients with AIS-LVO admitted to the Dongguan Hospital of Guangzhou University of Chinese Medicine for EVT between July 2018 and September 2024. After applying exclusion criteria, 346 patients meeting the research criteria were included. These patients were randomly divided into a training cohort (N = 243) and a validation cohort (N = 103) at a 7:3 ratio for model development and validation. Least absolute shrinkage and selection operator (LASSO) regression and multinomial logistic regression analysis were employed for feature selection and identification of key predictors for the nomogram. The performance and clinical utility of the nomogram were assessed using the receiver operating characteristic (ROC) curve, calibration curve, clinical impact curve (CIC), and decision curve analysis (DCA) curve.

Results: Hypertension, smoking, admission blood glucose, proteinuria, serum creatinine, and duration of mechanical ventilation were identified as independent risk factors for AKI in patients with AIS-LVO after EVT. The nomogram demonstrated excellent predictive performance, with an area under curve (AUC) of 0.890 [95% CI (0.846–0.935)]. These results indicate that the model offers a favorable net clinical benefit.

Conclusion: The nomogram developed in this study demonstrates significant clinical utility in identifying patients with AIS-LVO at high risk of developing AKI after EVT.
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1 Introduction

Endovascular therapy (EVT) has become the standard treatment for acute ischemic stroke with large vessel occlusion (AIS-LVO), significantly improving rates of vascular recanalization and neurological recovery (1–3). However, EVT is not without complications, and one often overlooked issue is renal organ damage following AIS-LVO surgery (4). The incidence of such complications ranges from 3.3 to 42.8%, depending on the population and clinical context (5–7). These events not only extend the intensive care unit (ICU) stays, imposing a substantial economic burden, but also prolong the duration of mechanical ventilation, and worsen patient prognosis and long-term outcomes (8, 9). Acute kidney injury (AKI) represents the earliest stage of renal dysfunction in this setting, characterized by a rapid decline in renal function (10, 11). The diagnosis of AKI is based on the Kidney Disease: Improving Global Outcomes (KDIGO) criteria, which define AKI by a progressive rise in serum creatinine (Scr) levels and/or a reduction in urine output over a short period (12). However, Scr levels only increase when the glomerular filtration rate (GFR) decreases by at least 70%, resulting in a delayed diagnosis of AKI—often 48–72 h after the onset of renal injury (13, 14). This delay in diagnosis frequently leads to missed opportunities for early intervention, increasing the risk of AKI progressing to chronic kidney disease (CKD) (15–17).

Once AKI occurs, few effective treatments are available to reverse renal dysfunction. Nonetheless, emerging evidence suggests that early restoration of renal function can reduce the likelihood of adverse renal events, underscoring the importance of timely interventions to improve long-term outcomes in AKI patients (18, 19). While prior studies have extensively investigated cardiorenal syndrome (CRS), stroke-induced renal dysfunction remains understudied. To date, no reliable predictive model exists to identify factors contributing to AKI in AIS patients undergoing EVT (20). Therefore, this study aims to address these gaps by investigating the incidence of AKI following EVT, identifying risk factors associated with its development, and evaluating the impact of AKI on the prognosis of AIS-LVO patients treated with EVT. Furthermore, we seek to develop a nomogram-based prediction model to facilitate early AKI diagnosis, providing critical insights for preventive and targeted therapeutic strategies.



2 Methods


2.1 Study design and participants

This study was a single-center retrospective study that enrolled 450 patients admitted to the Dongguan Hospital of Guangzhou University of Chinese Medicine for EVT between July 2018 and September 2024. After applying exclusion criteria, 346 patients who met the research criteria were included. A follow-up was conducted by phone or outpatient visit 90 days after the EVT. To obtain the prognosis, professional medical staff followed up with patients through a combination of telephone calls and outpatient visits, recording their recovery conditions and providing data for subsequent analysis of treatment effects.

The inclusion criteria were as follows: (1) All patients were diagnosed with ischemic stroke by CT or MRI scans, and CTA/MRA/DSA indicated AIS-LVO; (2) an age range of 18–90 years. The exclusion criteria were as follows: (1) Patients who were undergoing renal replacement therapy or had a history of renal transplantation; (2) Pregnant or lactating women; (3) Patients with incomplete medical records; (4) Patients who refused follow-up or were unreachable. After applying the exclusion criteria, 140 patients were excluded. Ultimately, 346 AIS-LVO patients were included. Subsequently, these patients were randomly divided into a training cohort (N = 243) and a validation cohort (N = 103) at a 7:3 ratio for model development and validation. Based on the Scr levels measured during the 7-day period after the EVT, the patients were classified into AKI and non-AKI group to thoroughly analyze the relevant data and probe into the factors influencing AKI following EVT. This study was conducted in accordance with the principles of the Declaration of Helsinki. The research was approved by the ethics committee of Dongguan Hospital of Guangzhou University of Chinese Medicine (PJ [2025] NO.5). Given that this retrospective observational study neither encroached on patient privacy nor presented any risk to patient safety, the Ethics Committee waived the requirement for informed consent. In order to safeguard patient confidentiality, the data derived from this study will not be released to the public.



2.2 Primary and secondary clinical outcomes

The primary outcome was the occurrence of AKI in AIS-LVO patients after EVT. AKI was defined according to the 2012 KDIGO Clinical Practice Guidelines (12).

Baseline Scr was the value measured within 24 h of admission and before EVT; it was used to calculate post-EVT changes. Because post-EVT diuretics required for volume control and intracranial-pressure management invalidate urine-output criteria, AKI was diagnosed exclusively by two Scr-based rules: (1) an absolute increase ≥26.7 μmol/L from baseline within 48 h, or (2) a ≥1.5-fold rise from baseline within 7 days after EVT. We implemented an Scr-monitoring protocol of intensive measurements during the first 48 h followed by routine sampling up to day 7. Early AKI was captured by 48-h re-measurements, and continued surveillance through day 7 identified delayed cases. AKI onset was defined as the first time that either criterion was met within the 7-day window, thereby accurately identifying EVT-associated AKI events.

The secondary outcome was the 90-day Modified Rankin Scale (mRS). We documented mRS scores and mortality rates. Patients were classified as having good (mRS 0–2) or poor (mRS 3–6, with 6 indicating death) functional outcome. All data were evaluated by three trained neurologists who had demonstrated good inter-rater agreement. Two physicians independently and blindly rated each patient; if their scores differed, the third rater adjudicated to obtain the final result.

Missing data (<10%) were handled by multiple imputation in SPSS. Sensitivity analyses confirmed that neither missing data nor the imputation method altered the core conclusions, and the model showed good robustness (Supplementary material 1).



2.3 Clinical data acquisition

In this research, we initially conducted a thorough and systematic search of the literature regarding the risk factors associated with AKI in patients following EVT. Drawing on the risk factors retrieved from the literature search and the accessible clinical and laboratory data of patients in the electronic medical record system, we pinpointed 30 potential variables. Meanwhile, we performed multicollinearity testing on these 30 variables using Stata software. The results demonstrated that the Variance Inflation Factor (VIF) of all variables was less than 10 (Supplementary material 2), indicating no significant multicollinearity among the variables. Thus, these variables can be stably incorporated into the multivariate model for subsequent analysis. During the data collection stage, we collected detailed demographic data of the patients from the electronic medical records, such as gender and age. Meanwhile, basic past medical history information was also collected, covering hypertension, diabetes, atrial fibrillation, heart failure, prior stroke, smoking, and alcohol drinking. In addition, professional neurologists rigorously evaluated the NIHSS score, mRS score, and GCS score when the patients were admitted to the hospital, and the results were fully recorded in the medical record system (21, 22). Drawing on previous research findings, we focused on data regarding postoperative complications, specifically intracranial hemorrhage, gastrointestinal hemorrhage, and brain herniation (23). In terms of clinical indicators, data such as proteinuria, Scr, cystatin C, uric acid, albumin, blood pressure at admission (systolic/diastolic), admission blood glucose, duration of mechanical ventilation, EVT operation time and ICU length of stay were collected (6). Because WBC, NLR, SII, PLR, SIRI and CRP reflect systemic inflammation and have been linked to post-stroke AKI, these indices were also included as candidate predictors.



2.4 Statistical analysis

All statistical analyses were completed using R Studio Statistics software (version 4.4.1), SPSS software (version 27.0), and Stata software (version 18.0). A two-tailed p < 0.05 was considered statistically significant. In the training cohort, all AKI-related feature variables were screened using the least absolute shrinkage and selection operator (LASSO). Subsequently, based on the screened feature variables, a clinical prediction model was established using multinomial logistic regression (stepwise backward regression). We utilized the selected predictors to build a nomogram to evaluate AKI risk. Eventually, the constructed model underwent validation by constructing the receiver operating characteristic (ROC) curve, calibration curve, decision curve analysis (DCA), and clinical impact curve (CIC). This was done to gage the predictive effectiveness and clinical application value of the model.




3 Results


3.1 Study flow diagram

The data selection flow chart is shown in Figure 1. Among 450 patients, 104 failed to meet the inclusion criteria. Eventually, a total of 346 patients participated in this study.

[image: Flowchart detailing patient selection for a study conducted at Dongguan Hospital from July 2018 to September 2024. Of 450 patients initially considered, 346 were included in the final cohort after exclusions. The cohort was divided into a training cohort (243 patients) and a validation cohort (103 patients). The training cohort was further divided into a non-AKI group (172 patients) and an AKI group (71 patients). The validation cohort was similarly divided into a non-AKI group (74 patients) and an AKI group (29 patients).]

FIGURE 1
 Flow chart of the data selection process.




3.2 Patient characteristics

This study enrolled 346 patients, who were divided into two groups: 246 without AKI (71.1%) and 100 with AKI (28.9%). To ensure reliability, all patients were randomly assigned to a training cohort (n = 243) and a validation cohort (n = 103) in a 7:3 ratio. Baseline characteristics are compared in Table 1 and Figure 2 illustrates the impact of AKI on neurological outcomes and 3-month mortality.


TABLE 1 A comparison of the baseline characteristics between the training cohort and validation cohort.

	Variables
	Training cohort
	Validation cohort



	Non-AKI group (n = 172)
	AKI group (n = 71)
	p value
	Non-AKI group (n = 74)
	AKI group (n = 29)
	p value

 

 	Demographics


 	Gender, male, n (%) 	121 (70.35%) 	55 (77.46%) 	0.259 	63 (85.14%) 	15 (51.72%) 	<0.001


 	Age, years, median (IQR) 	60.14 ± 13.87 	65.44 ± 14.29 	0.008 	58.96 ± 14.13 	67.45 ± 14.60 	0.008


 	Medical history


 	Hypertension, n (%) 	96 (55.81%) 	57 (80.28%) 	<0.001 	40 (54.05%) 	23 (79.31%) 	0.018


 	Diabetes, n (%) 	41 (23.84%) 	24 (33.80%) 	0.110 	18 (24.32%) 	11 (37.93%) 	0.167


 	Atrial fibrillation, n (%) 	25 (14.53%) 	12 (16.90%) 	0.641 	14 (18.92%) 	5 (17.24%) 	0.843


 	Prior stroke, n (%) 	21 (12.21%) 	19 (26.76%) 	0.005 	14 (18.92%) 	3 (10.34%) 	0.448


 	Heart failure, n (%) 	1 (0.58%) 	2 (2.82%) 	0.151 	2 (2.70%) 	2 (6.90%) 	0.672


 	Smoking, n (%) 	59 (34.30%) 	31 (43.66%) 	0.169 	28 (37.84%) 	8 (27.59%) 	0.326


 	Alcohol drinking, n (%) 	34 (19.77%) 	16 (22.54%) 	0.627 	13 (17.57%) 	5 (17.24%) 	0.969


 	Clinical features


 	Admission blood glucose, mmol/L, median (IQR) 	6.50 (5.80–8.20) 	7.30 (6–9.50) 	0.038 	8.19 (6.69–11.55) 	8 (6.15–11.15) 	0.058


 	Systolic pressure, mmHg, mean ± SD 	149.98 ± 21.42 	153.08 ± 24.45 	0.326 	152.23 ± 24.83 	157.07 ± 20.94 	0.356


 	Diastolic pressure, mmHg, mean ± SD 	89.58 ± 13.20 	89.13 ± 14.33 	0.812 	90.20 ± 13.43 	90.17 ± 13.47 	0.992


 	Admission NIHSS, score, median (IQR) 	8.00 (3.00–13.00) 	10.00 (6.00–15.00) 	0.104 	9.00 (5.00–13.00) 	8.00 (5.00–14.00) 	0.786


 	Admission GCS, score, median (IQR) 	15.00 (13.00–15.00) 	14.00 (12.00–15.00) 	0.016 	15.00 (13.00–15.00) 	15.00 (13.00–15.00) 	0.536


 	Admission mRS, 1–5 score, n (%) 	1 	27 (15.70%) 	7 (9.86%) 	0.218 	7 (9.46%) 	3 (10.34%) 	0.848


 	2 	24 (13.95%) 	6 (8.45%) 	 	10 (13.51%) 	5 (17.24%) 	


 	3 	14 (8.14%) 	10 (14.08%) 	 	11 (14.86%) 	4 (13.79%) 	


 	4 	73 (42.44%) 	31 (43.66%) 	 	38 (51.35%) 	11 (37.93%) 	


 	5 	34 (19.77%) 	17 (23.94%) 	 	8 (10.81%) 	6 (20.69%) 	


 	Inspection results


 	Scr, mg/dL, median (IQR) 	72.60 (61.25–87.00) 	91.00 (76.70–134) 	<0.001 	73.90 (61.83–83.23) 	85.70 (65.00–111.50) 	0.017


 	Cys C, mg/L, median (IQR) 	1.06 (0.89–1.25) 	1.31 (1.04–1.76) 	<0.001 	1.01 (0.87–1.16) 	1.25 (1.05–1.48) 	<0.001


 	ALB, mmol/L, mean ± SD 	38.79 ± 3.68 	36.43 ± 5.14 	<0.001 	38.83 ± 4.26 	36.68 ± 5.20 	0.033


 	Proteinuria, median (IQR) 	41 (23.84%) 	33 (46.48%) 	<0.001 	23 (31.08%) 	13 (44.83%) 	0.188


 	UA, umol/L, mean ± SD 	329.54 ± 110.48 	367.83 ± 114.82 	0.016 	313.65 ± 92.72 	327.82 ± 88.50 	0.482


 	CRP, mg/L, median (IQR) 	3.51 (1.84–8.55) 	4.80 (1.90–13.66) 	0.234 	3.20 (1.84–12.61) 	5.92 (2.77–18.56) 	0.042


 	WBC,109/L, median (IQR) 	9.92 (8.17–11.95) 	10.08 (7.56–12.89) 	0.540 	9.39 (8.06–11.84) 	10.73 (9.21–12.92) 	0.050


 	Postoperative NLR, median (IQR) 	4.91 (3.47–9.14) 	6.79 (3.61–12.38) 	0.075 	5.25 (3.10–9.06) 	6.50 (3.88–11.17) 	0.129


 	Postoperative SII, median (IQR) 	1,190.90 (751.14–2,132) 	1,379.73 (860.81–2,475.61) 	0.127 	1,007.04 (681.72–1,882.86) 	1,586 (850.20–2,167.49) 	0.070


 	Postoperative PLR, median (IQR) 	158 (112.60–234.00) 	188.89 (133.52–282.86) 	0.102 	157.21 (100.70–254.99) 	188.12 (119.24–247.17) 	0.317


 	Postoperative SIRI, median (IQR) 	1.97 (1.10–3.45) 	2.08 (1.25–4.24) 	0.137 	1.77 (1.13–3.09) 	2.36 (1.61–4.65) 	0.050


 	Operations


 	Operation time, hour, median (IQR) 	1.78 (1.33–2.16) 	1.83 (1.34–2.41) 	0.180 	1.53 (1.08–2.10) 	2 (1.67–2.65) 	0.013


 	Days in ICU, day, median (IQR) 	1.78 (1.45–2.87) 	3.96 (1.81–8.33) 	<0.001 	1.95 (1.52–2.78) 	2.87 (1.57–7.98) 	0.038


 	Duration of MV, hour, median (IQR) 	0.67 (0.47–1.06) 	1.67 (0.70–7.18) 	<0.001 	0.76 (0.50–1.61) 	1.67 (0.75–1.67) 	0.002


 	Postoperative complications 	 	 	0.021 	 	 	0.446


 	Intracranial hemorrhage, n (%) 	14 (8.14%) 	14 (19.72%) 	 	7 (9.46%) 	5 (17.24%) 	


 	Gastrointestinal hemorrhage, n (%) 	5 (2.91%) 	4 (5.56%) 	 	3 (4.05%) 	2 (6.90%) 	


 	Brain herniation, n (%) 	4 (2.33%) 	4 (5.56%) 	 	0 (0.00%) 	0 (0 0.00%) 	


 	Prognosis 	 	 	<0.001 	 	 	<0.001


 	mRS 90 day, 1–6 score, n (%) 	0 	47 (27.33%) 	10 (14.08%) 	 	20 (20.03%) 	3 (10.34%) 	


 	1 	51 (29.65%) 	16 (22.54%) 	 	22 (29.73%) 	3 (10.34%) 	


 	2 	16 (9.30%) 	7 (9.86%) 	 	15 (20.27%) 	3 (10.34%) 	


 	3 	18 (10.47%) 	8 (11.27%) 	 	2 (2.70%) 	7 (24.14%) 	


 	4 	23 (13.37%) 	10 (14.08%) 	 	7 (9.46%) 	2 (6.89%) 	


 	5 	10 (5.81%) 	6 (8.45%) 	 	4 (5.41%) 	4 (13.79%) 	


 	6 	7 (4.07%) 	14 (19.72%) 	 	4 (5.41%) 	7 (24.14%) 	





IQR, Interquartile Range; NIHSS, National Institute of Health Stroke Scale; GCS, Glasgow Coma Scale; mRS, Modified Rankin Scale; Scr, Serum Creatinine; Cys C, Cystatin C; UA, Uric Acid; ALB, Albumin; WBC, White Blood Cell; CRP, C-reactive Protein; NLR = neutrophil count/lymphocyte count; SII = (neutrophil count × platelet count)/lymphocyte count; PLR = platelet count/lymphocyte count; SIRI = (neutrophil count × monocyte count)/lymphocyte count; ICU, Intensive Care Unit; MV, Mechanical Ventilation. Values with P < 0.05 are highlighted in bold.
 

[image: Bar charts showing mRS scores in AKI and Non-AKI groups for Training and Validation cohorts. In the Training cohort, AKI Group (71 patients) displayed varied mRS scores, while Non-AKI Group (172 patients) showed different score distribution. In the Validation cohort, AKI Group (29 patients) had varied mRS scores similar to Non-AKI Group (74 patients). Percentages and number of patients are indicated for each score on the mRS.]

FIGURE 2
 Proportions of AKI patients according to the 90-mRS results. (A) The 90-mRS training cohort. (B) The 90-mRS validation cohort. A total of 346 patients were included. The clinical outcomes of patients with AKI and non-AKI were followed up 3 months after EVT. The cut-off for functional dependence was set at an mRS of score >2.




3.3 Independent risk factors in the training cohort

LASSO regression was employed to screen 30 variables for predictive ones with non-zero coefficients. (Figures 3A,B). By means of 10-fold cross-validation, the optimal λ value, which was the most appropriate for the model, was selected. While ensuring the goodness of fit, the fewest variables were included. Finally, lambda. Min (λ = 0.014) was chosen as the optimal λ value, and 10 predictive variables with non-zero coefficients were screened out: prior stroke, hypertension, smoking, proteinuria, admission blood glucose, SIRI, Scr, cystatin C, days in ICU, and duration of mechanical ventilation.

[image: Panel A shows a line graph with multiple colored lines depicting coefficients against Log Lambda values. Panel B displays a line graph with red dots indicating binomial deviance against Log Lambda, with error bars showing variability.]

FIGURE 3
 LASSO regression employed to further identify risk factors for AKI. (A) LASSO coefficient profiles of the 30 features. (B) Optimal parameter (λ) selection in the LASSO model used 2-fold cross-validation and minimum criteria. A coefficient profile plot was plotted against the log (λ) sequence. The 10 non-zero coefficients were chosen at the values selected using 10-fold cross-validation. LASSO, least absolute shrinkage and selection operator.




3.4 Prediction model development

The 10 variables obtained through screening by LASSO were included in the multinomial logistic regression. The multinomial logistic regression analysis using the stepwise backward regression method showed that hypertension (OR 3.47, 95%CI 1.42–8.51, p = 0.007), smoking (OR 3.34, 95%CI 1.51–7.39, p < 0.003), proteinuria (OR 2.32, 95%CI 1.06–5.11, p = 0.036), admission blood glucose (OR 1.15, 95%CI 1.03–1.29, p = 0.013), Scr (OR 1.04, 95%CI 1.03–1.06, p < 0.001), and duration of mechanical ventilation (OR 1.49, 95%CI 1.26–1.75, p < 0.001) were still independent influencing factors for the occurrence of AKI (p < 0.05) (Figure 4). According to the results, a nomogram model for predicting the risk of AKI after EVT was developed using these six risk factors: hypertension, smoking, proteinuria, admission blood glucose, Scr, and duration of mechanical ventilation (Figure 5).

[image: Forest plot displaying odds ratios (OR) and confidence intervals for various covariates related to risk. Covariates include Hypertension, Smoking, Proteinuria, Admission blood glucose, Serum creatinine, and Duration of mechanical ventilation. OR values range from 1.04 to 3.47, with significant P values under 0.05. The plot has a reference line at OR=1, indicating low to high risk.]

FIGURE 4
 Results of multinomial logistic regression analysis of AKI after EVT. OR, odds ratio; CI, confidence interval; p < 0.05.


[image: Graphical summary of a generalized linear model (modelC glm) displaying the effects of various variables on a particular outcome. Factors include proteinuria, duration of mechanical ventilation, serum creatinine, admission blood glucose, smoking, and hypertension, each with significance levels indicated by asterisks. Probability outcomes are visualized with density plots and red points. Total score shows a calculated value of 5.57 corresponding to a probability of 0.951 for the outcome.]

FIGURE 5
 Nomogram predicting the probability of AKI in patients after EVT of the training cohort. The dots represent the prediction results of patients.




3.5 ROC validation of predictive model

The discriminatory ability of the nomogram was assessed by computing the area under the ROC curve, which is denoted as AUC. The results showed that the AUC of the training cohort was 0.890 [95%CI (0.846–0.935)] (Figure 6A). The cut-off value associated with the maximum Youden index was 0.210. At this value, the sensitivity reached 0.887 and the specificity was 0.762. The model of the training cohort was applied to the validation cohort for verification. The AUC of the validation cohort was 0.777 [95%CI (0.668–0.886)] (Figure 6B). The maximum Youden index corresponded to a cut-off value of 0.326, which had a sensitivity of 0.690 and a specificity of 0.811.

[image: Two Receiver Operating Characteristic (ROC) curves labeled A and B. Both graphs plot sensitivity against one minus specificity. Graph A shows an area under the curve (AUC) of 0.890 with confidence interval (0.846–0.935). Graph B shows an AUC of 0.777 with confidence interval (0.668–0.886). The ROC curve for each graph is highlighted in red.]

FIGURE 6
 The ROC of nomogram for predicting patients with AKI. (A) (Training cohort), the ROC curve has an AUC of 0.890 (95% CI, 0.846–0.935); the marked Youden index is 0.210, corresponding to a sensitivity of 0.762 and a specificity of 0.887. (B) (Validation cohort), the AUC of the ROC curve is 0.777 (95% CI, 0.668–0.886), with a Youden index of 0.326 that corresponds to a sensitivity of 0.811 and a specificity of 0.690. ROC curves are used to evaluate the model’s ability to distinguish between patients with AKI and those without AKI. The closer the AUC is to 1, the better the model’s predictive performance.




3.6 Measurement of model performance

The bootstrap optimism-corrected measure was used to adjust for model overfitting. A model was first developed on the entire original dataset and its apparent performance was recorded. One thousand bootstrap samples were then generated by random sampling with replacement from the original dataset. For each sample, a logistic model was constructed and its performance was evaluated on both the bootstrap sample and the original dataset. Optimism was calculated as the difference between these two performances for each sample. After 1,000 iterations, the average optimism was obtained and subtracted from the apparent performance of the original model to yield the optimism-corrected performance. The model performance was also evaluated by 10-fold cross validation. The dataset was randomly divided into 10 equally sized subsets. In each iteration, one subset was retained as the test set while the remaining 9 subsets were combined to form the training set. This process was repeated 10 times, ensuring that each subset served as the test set exactly once. Model performance metrics were then averaged across the 10 folds, providing a robust estimate of generalization performance and mitigating the risk of overfitting (Table 2).


TABLE 2 Results of cross-validation and bootstrap analysis.

	Measures
	Fold cross-validation (CI 95%)
	Bootstrap optimism-corrected (CI 95%)

 

 	Auroc 	0.859 (0.787–0.930) 	0.851 (0.811–0.897)


 	Sensitivity 	0.936 (0.909–0.963) 	0.929 (0.895–0.960)


 	Specificity 	0.503 (0.389–0.617) 	0.526 (0.430–0.631)


 	Accuracy 	0.811 (0.768–0.855) 	0.812 (0.772–0.853)


 	Precision 	0.822 (0.766–0.879) 	0.828 (0.788–0.870)


 	Recall 	0.936 (0.909–0.963) 	0.929 (0.895–0.960)





OR, odds ratio; CI, confidence interval.
 



3.7 Performance evaluation of predictive model

The Hosmer–Lemeshow goodness-of-fit test was utilized to assess the calibration of the predictive model. As depicted in the calibration curve (Figures 7A,B), a robust correlation was demonstrated between the predicted probabilities and the actual incidence of AKI in both the validation cohort and training cohort. We conducted the DCA to evaluate the clinical applicability of our nomogram. The DCA curve indicated that within a reasonable range of threshold probabilities, the nomogram model could provide clinical net benefit (Figures 8A,B) for patients in both the training cohort and validation cohort. On this basis, we plotted the CIC (Figures 9A,B) to assess the clinical impact of the model. The CIC shows a high degree of agreement between the number of positive events and the actual incidence of AKI.

[image: Two calibration plots compare predicted versus actual probabilities. Both graphs display apparent (dashed line), ideal (red line), and bias-corrected (green line) predictions. Plot A shows a similar trend to Plot B, with lines closely aligning along a diagonal, indicating model reliability. The y-axis represents actual probability, and the x-axis shows predicted probability, ranging from zero to one.]

FIGURE 7
 The calibration curves of the nomogram for predicting in patients with AKI. (A) The calibration curves of the nomogram in the training cohort; (B) The calibration curves of the nomogram in the validation cohort. In these plots, the X-axis denotes the predicted AKI probability, and the Y-axis denotes the actual AKI incidence. The 45° dashed line signifies ideal prediction (a perfect match between predicted and actual probabilities). The “Apparent” dashed line shows the model’s uncorrected predictions, the “Ideal” red line is the benchmark, and the “Bias-corrected” green line is after bias adjustment. Calibration curves assess how well predicted and actual probabilities align; closer alignment to the 45° line means higher accuracy. After bias correction, the nomogram’s predictions in both cohorts closely matched the ideal, demonstrating good accuracy in predicting the AKI occurrence probability.


[image: Two decision curve analysis graphs labeled A and B display the standardized net benefit against the high-risk threshold, with cost-benefit ratios. Both graphs compare three lines: Nomogram (red), All (gray), and None (black). The red line in each graph shows the varying effectiveness of the nomogram model over different thresholds.]

FIGURE 8
 The calibration curves of the nomogram for predicting in patients with AKI (A) The calibration curves of the nomogram in the training cohort; (B). The calibration curves of the nomogram in the validation cohort. In these plots, the Y-axis represents standardized net benefit and the X-axis represents high-risk threshold probability, and the Y-axis denotes the actual AKI incidence. The 45° dashed line signifies ideal prediction (a perfect match between predicted and actual probabilities). The “Apparent” dashed line shows the model’s uncorrected predictions, the “Ideal” red line is the benchmark, and the “Bias-corrected” green line is after bias adjustment. Calibration curves assess how well predicted and actual probabilities align; closer alignment to the 45° line means higher accuracy. After bias correction, the nomogram’s predictions in both cohorts closely matched the ideal, demonstrating good accuracy in predicting the AKI occurrence probability.


[image: Two line graphs labeled A and B compare the number of high-risk individuals out of 1000 as a function of the high-risk threshold and cost-benefit ratio. Solid red lines represent the number of high-risk individuals, while dashed red lines show those with events. Both graphs show a downward trend in both metrics as the threshold increases from 0 to 1.]

FIGURE 9
 The CIC of nomogram for predicting in patients with AKI. (A) The CIC of nomogram in the training cohort; (B) The CIC of the nomogram in the validation cohort. The x-axis shows the risk threshold, and the y-axis represents the number of people at risk. The solid red line (the number of high-risk individuals) indicates the number of people classified as positive by the model at each threshold probability; the dashed red line (the number of high-risk individuals with outcomes) indicates the number of true positives at each threshold probability. CIC reflects a model’s clinical value in identifying high-risk populations. A model has high net benefit if it differentiates well (gap between the two red lines) and identifies reasonable true positives with rational high-risk population size. As shown, the nomogram stably identified true AKI cases in both cohorts with reasonable high-risk size, verifying its clinical utility.





4 Discussion

AIS is one of the diseases that cause the highest disability and mortality rates in China (24). Despite the breakthroughs in EVT technology, some AIS-LVO patients still fail to achieve a good long-term prognosis after EVT treatment and may even face severe disability or death (1, 25). AKI is a relatively common complication in AIS-LVO patients after EVT (26). Our results showed that EVT led to AKI in 28.90% of patients with AIS-LVO. To further explore the impact of AKI on patient outcomes, we conducted a systematic follow-up 3 months after EVT. Data comparison revealed that patients with AKI had a significantly higher proportion of poor functional outcomes at 90 days in both cohorts. This result indicated that AKI has a significant negative impact on neurological recovery in patients with AIS-LVO. It not only delays the recovery process of neurological function, but also significantly increases the risk of permanent neurological dysfunction. In conclusion, it is of great significance to identify the potential factors for the occurrence of AKI in patients with AIS-LVO at an early stage. This not only helps clinicians take more effective preventive measures in advance to reduce the incidence of AKI but also enables them to timely adjust the treatment plan in the early stage of the disease, thus reducing mortality and improving the quality of life of patients.

Notably, the nomogram constructed in this study, combined with the clinical net benefit confirmed by DCA, can provide precise guidance for the post-EVT care of patients with AIS-LVO. In fluid management, stratified protocols based on the nomogram’s AKI risk stratification are feasible: high-risk patients may receive “restrictive precision fluid replacement” to avoid increasing renal filtration burden, while moderate-to-low-risk patients maintain conventional fluid replacement to ensure renal perfusion, addressing volume imbalance from empirical fluid administration. For contrast medium use, the nomogram’s reliable predictive performance aids decision-making: high-risk patients (e.g., with proteinuria or elevated admission blood glucose) are prioritized for isotonic, low-toxicity contrast media, with pre-procedural renal function assessment and optional sodium bicarbonate for nephrotoxicity prevention; low-risk patients use conventional contrast media, balancing diagnostic efficacy and renal safety per DCA’s “risk–benefit” principle. In other prevention strategies, the nomogram enables risk-targeted interventions: high-risk patients receive optimized respiratory support (based on variables like “mechanical ventilation duration”) to shorten ventilation time and enhanced post-procedural serum creatinine monitoring; modifiable factors (hypertension, smoking) are managed via perioperative blood pressure control and smoking cessation guidance. These measures effectively translate DCA-confirmed net benefit into clinical practice improvements, reducing AKI risk.

Multinomial Logistic regression analysis results indicated that hypertension, smoking, proteinuria, admission blood glucose, Scr, and duration of mechanical ventilation were all identified as independent factors influencing the occurrence of AKI. Prior research has concentrated on the association between smoking and the risk of stroke. However, there is a lack of studies exploring the influence of smoking on post-stroke renal injury (27). Based on the above, this study speculated that long-term exposure to nicotine, through the oxidative stress induced by reperfusion, could directly trigger AKI or aggravate its symptoms. Additionally, it would also increase the production of mitochondrial reactive oxygen species (ROS) in renal proximal tubular cells (RPTCs) (28). For patients with hypertension, long-term elevation of blood pressure has been proved to lead to thickening of renal vessel wall and narrowing of renal lumen, which causes changes in renal hemodynamics and affects renal perfusion and filtration function, making these patients more susceptible to renal injury after stroke (29). In addition, hypertension can affect the metabolism and excretion of drugs and increase nephrotoxicity (30). Therefore, it is necessary to evaluate hypertension and renal function before surgical intervention. Moreover, blood pressure should be enhanced after admission to reduce the risk of renal impairment.

Scr is an endogenous creatinine produced by muscle metabolism. It has a small molecule and is excreted through the glomerulus with urine. A rise in its level serves as an indication of compromised kidney function. The study by Wong has found that patients with elevated baseline Scr levels are at a higher risk of developing AKI. Additionally, these patients are more prone to the progression of AKI, which ultimately leads to decreased survival (31). The conclusion of the present study is basically consistent with this. Proteinuria is an important marker of renal prognosis, independent of other risk factors, and a predictor of progressive renal impairment as well as mortality (32, 33). For individual patients, the risk of renal impairment and end-stage renal failure increases as proteinuria levels rise (34). Existing studies have shown that proteinuria is a definite risk factor for cerebrovascular diseases and will increase the risk of poor functional outcomes. Other studies have found an independent association between proteinuria and the risk of developing AKI. Rocco’s study found that patients with proteinuria had a higher risk of postoperative AKI, as well as an increased risk of kidney disease progression (35). For patients undergoing EVT, proteinuria can be a sign of systemic endothelial dysfunction. This condition results in a decreased ability of the kidney to tolerate the hemodynamic changes that occur during surgery, ultimately leading to postoperative AKI (36, 37). Urinary protein has inherent profibrotic properties, which can cause chronic tubulointerstitial injury, thereby attenuating the ability of the proximal tubules to reabsorb filtered albumin (38, 39). For a long time, there have been few studies on proteinuria as an early risk factor for AKI in patients after EVT for AIS-LVO. The results of this study have filled some of the gaps in this area.

Admission blood glucose is an index that is extremely easy to obtain. The detection process does not require professional technical knowledge or special equipment and can be completed simply by fingertip blood collection. Our study shows that blood glucose levels at admission can be used as a risk factor for predicting the development of AKI after EVT. Multiple previous studies have shown that elevated blood glucose on admission is associated with an increased risk of AKI (40, 41). Hyperglycemia can increase ischemic brain injury by increasing tissue lactate formation and impairing normal phosphorus metabolism (42). At the same time, it can also enhance insulin resistance and exacerbate the inflammatory and oxidative stress responses. Since these factors are all involved in the development process of AKI, the hyperglycemic state may promote the occurrence of AKI. This suggests that in addition to paying attention to the patient’s history of diabetes, more attention should be paid to the blood glucose level at admission, and it should be used as an important reference index to evaluate the risk of AKI after EVT.

Notably, our research has found that the duration of mechanical ventilation may be a predictor of AKI risk. Most patients who have received EVT will be transferred to the ICU for observation. In the ICU, mechanical ventilation plays an important role as a common life support measure. However, it cannot be ignored that mechanical ventilation can double the risk of patients developing AKI (43). Numerous studies have clearly shown that the occurrence of AKI during mechanical ventilation is significantly correlated with the length of stay of patients in the ICU and ventilator time of patients (44). The kidney has special physiological structure, rich blood supply and high blood perfusion requirements, and is extremely sensitive to ischemia and hypoxia. Compared with other organs, it are more likely to prone to dysfunction in the face of similar ischemia and hypoxia. Based on this, some scholars have proposed the concept of ventilator-induced kidney injury (VIKI) (8). Mechanical ventilation can cause a decrease in the glomerular filtration rate, which significantly increases the risk of AKI (43, 45, 46). In addition, systemic inflammatory response and oxidative stress caused by AKI aggravate acute lung injury (ALI), increase the difficulty of weaning from the ventilator, and ultimately lead to prolonged mechanical ventilation (8). In conclusion, when improving cerebral blood flow reperfusion after EVT, it is necessary to pay attention to the management of mechanical ventilation. We should strictly control the infection, make every effort to shorten the duration of mechanical ventilation, and complete the extubation operation as early as possible. This not only helps to reduce the risk of AKI, but also significantly improves the prognosis of patients.

At present, precisely predicting the risk of AKI in patients with AIS-LVO after EVT remains a significant challenge in the medical field. In this study, we constructed a nomogram for predicting the risk factors of AKI in patients treated with EVT. ROC curve analysis showed that the AUC of the model for predicting AKI in EVT patients reached 0.890, which fully indicated that the prediction model constructed had good predictive performance. Based on this, clinicians can implement precise and targeted treatment or intervention measures for patients with relevant characteristics according to this model, effectively reducing the risk of AKI in patients, thus significantly improving the prognosis of patients and improving their quality of life.



5 Conclusion

In our study, 28.90% of AIS-LVO patients were diagnosed with AKI after undergoing EVT. We found that hypertension, smoking, admission blood glucose, Scr, proteinuria, and the duration of mechanical ventilation were significantly correlated with the occurrence of AKI. Based on this finding, we developed a nomogram prediction model. This model is specifically designed to provide visualized accurate predictions of the risk of AKI in patients with AIS-LVO after undergoing EVT. This breakthrough holds significant clinical implications. On the one hand, doctors can formulate personalized intervention measures targeting modifiable risk factors to effectively reduce the risk of AKI. On the other hand, for the identified high-risk patients, renal function can be monitored and intervened in a timely manner at an early stage. This helps to delay the progression of AKI and avoid the development of end-stage renal disease in patients to the greatest extent.



6 Limitations

This study has certain limitations. (1) In this study, patients with AIS-LVO required loop diuretics to control cerebral edema within 24 h after EVT. Due to the difficulty in distinguishing iatrogenic oliguria induced by diuretics from pathological oliguria caused by AKI, the urine output criterion specified in the 2012 KDIGO criteria was not included in AKI diagnosis, which may lead to an underestimation of the actual disease burden. The incidence of AKI in this study was 28.9%, which is highly consistent with the 25–30% AKI incidence diagnosed “solely based on serum creatinine” in the study by Rui Du et al. (47). Bias was reduced through strict inclusion criteria and hemodynamic monitoring. Furthermore, the current model already has a solid foundation in predictive performance (AUC = 0.890 in the training cohort and AUC = 0.777 in the validation cohort). For subsequent research, we plan to conduct a multicenter prospective study and incorporate the corrected urine output index into the model to optimize its performance. (2) Because all patients had already received contrast medium during EVT, and considering the retrospective characteristic of this study, the contrast was not recorded in our electronic medical record system. This lack of data directly prevented us from including contrast medium dose in the study analysis. In future studies, we should set the contrast medium dose as a core variable to optimize the data acquisition process and ensure accuracy of the dose information. (3) In this study, the validation work has not yet included verification using an external independent dataset, which will also be a key direction for improvement in our subsequent research. To ensure the rigor of model validation, we have supplemented two validation methods, namely the bootstrap optimism correction and the 10-fold cross-validation, to further control the risk of overfitting and enhance the robustness of the validation results. These two methods have effectively strengthened the validation process of the model’s performance and ensured the reliability of the validation results.
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