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Background: Acute kidney injury (AKI) is prevalent in patients with intracerebral hemorrhage (ICH) and is associated with
mortality. This study aimed to verify the predictive accuracy of different machine learning algorithms for AKI in patients with ICH
using a large dataset.

Methods: A total of 1366 ICH patients received treatments between 2001 and 2012 from the Medical Information Mart for Intensive
Care-IIT (MIMIC-III) database were identified based on the ICD-9 code: 431. The main outcome of AKI during hospitalizations was
confirmed based on the KDIGO criteria. Overall, ICH patients were randomly divided into the training cohort and validation cohort
with the ratio of 7:3. Six machine learning algorithms including extreme gradient boosting, logistic, light gradient boosting machine,
random forest, adaptive boosting, support vector machine were trained in the training cohort with the 5-fold cross-validation method to
predict the AKI. The predictive accuracy of those algorithms was compared by area under the receiver operating characteristics curve
(AUQ).

Results: A total of 1213 ICH patients were included with the incidence of AKI being 29.3%. The incidence of AKI was 29.3% among
the 1213 patients with ICH. The AKI group had higher 30-day mortality (p<0.001), longer ICU stay (p<0.001), and longer hospital
stay (p<0.001). Among the six machine learning algorithms, the random forest performed the best in predicting AKI in both the
training cohort (AUC=1.000) and the validation cohort (AUC=0.698). The top five features in the random forest algorithm-based
model were platelets, serum creatinine, vancomycin, hemoglobin, and hematocrit.

Conclusion: The random forest algorithm-based predictive model we developed incorporating important features, including platelet
count, serum creatinine level, vancomycin level, hemoglobin level, and hematocrit level, performed the best in predicting AKI among
patients with ICH.
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Introduction
As the second leading cause of death and disability worldwide, stroke is classified as ischemic and hemorrhagic type and
is the leading cause of death and the second leading cause of long-term disability globally." Accounting for 20-30% of all
stroke incidences, cerebral hemorrhage (ICH) has a 30-day mortality rate exceeding 50%.> The high mortality associated
with ICH is not solely ascribed to cerebral injury induced by intracranial hemorrhage but also to extracranial complica-
tions such as infection, stress ulcer, deep vein thrombosis, and acute kidney injury (AKI).! Some studies have found that
AKI is correlated with higher mortality and develops widely among patients with ICH, with an incidence ranging from
14.9% to 42.3%.%° It is necessary to assess the risk of AKI in patients with ICH as early as possible during
hospitalization to avoid unnecessary nephrotoxic interventions and poor prognosis. The National Institutes of Health
Stroke Scale (NIHSS) score, hypertension, baseline estimated glomerular filtration rate, serum cystatin C, and serum uric
acid have been identified as risk factors for AKI among ICH patients using traditional logistic regression.*%’

The prospect of machine learning technology in medical research has gained attention and excitement because of its
advantages in processing large and high-dimensional medical data. It can learn patterns that make it difficult for

clinicians to accurately recognize and predict the probability of upcoming medical events, and it sometimes performs
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better than the traditional logistic regression in predicting clinical outcomes of various patients. While there is no study
exploring the accuracy of machine learning algorithms for predicting the AKI among ICH patients. We hypothesize that
machine learning algorithms-based model may perform better than the traditional logistic regression in predicting AKI
among ICH patients. We design this study to evaluate the predictive value of machine learning algorithms for AKI
among ICH patients using a large dataset.

Methods and Materials

Patients

This retrospective study used the Medical Information Mart for Intensive Care-III (MIMIC-III) database. As a freely
public critical care database, this database contains anonymized clinical records of patients receiving treatments in the
intensive care unit of the Beth Israel Deaconess Medical Center (BIDMC) (Boston, MA) between 2001 and 2012. The
institutional review boards of Massachusetts Institute of Technology (MIT) and BIDMC provided ethical approval for the
database. A total of 1366 ICH patients were included in this study according to the ICD-9 codes: 431 and 153 ICH
patients were excluded according to the following criteria: (1) age <18 years (n=1), (2) no records of vital signs (n=71),
(3) no records of laboratory test results (n=20), (4) no records of Glasgow Coma Scale (GCS) in patients (n=2), and (5)
no records of continuous serum creatinine (n=59) (Figure 1). Finally, 1213 patients with ICH were included in the
analysis.

Study Variables

Data on age, sex, and comorbidities, including hypertension, diabetes mellitus, hyperlipidemia, coronary heart disease,
atrial fibrillation, and chronic renal disease, were collected. Initial vital signs including systolic blood pressure, diastolic
blood pressure, heart rate, body temperature, and pulse oxygen saturation (SpO,) were recorded. Disease severity was
assessed by using the Glasgow Coma Scale (GCS). Laboratory tests of the first blood sample within the first day after
admission were analyzed, including white blood cells, platelets, red blood cells, hemoglobin, red cell distribution width,
hematocrit, glucose, serum creatinine, blood urea nitrogen, sodium, potassium, and chloride. Vancomycin and mannitol
were also used in this study. The main outcome was the development of AKI during hospitalization, based on the Kidney

Patients with intracerebral hemorrhage
in MIMIC-I1l (N=1366)

Patients excluded (N=153):

1. Age<18(n=1)

2. Lacked inrecords of vital
signs (n=71)

3. Lacked in records of

laboratory test (n=20)

4. Lacked in records of GCS on
admission (n=2)

5. No records of continuous

serum creatinine (n=59)

A 4

Patients finally included
(N=1213)

Figure | Screening flowchart of ICH patients from the MIMIC-III.
Abbreviation: ICH, intracerebral hemorrhage.
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Disease Improving KDIGO criteria. The length of ICU stay, length of hospital stay, and 30-day mortality rate were
compared between the non-AKI and AKI groups.

Statistical Analysis

The Kolmogorov—Smirnov test was used to verify the normality of the variables. Non-normally distributed variables are
shown as median and interquartile range and mean =+ standard deviation for normally distributed variables. The Mann—
Whitney U-test, Student’s z-test, and chi-square test were used to compare the differences in variables between the AKI
and non-AKI groups. Statistical significance was defined as a two-sided p-value of <0.05.

Patients with ICH were randomly divided into training and validation cohorts at a ratio of 7:3. Six machine learning
algorithms, including extreme gradient boosting (XGBoost), logistic, light gradient boosting machine (light GBM),
random forest, adaptive boosting (AdaBoost), and support vector machine (SVM), were trained in the training cohort
using the 5-fold cross-validation method to predict AKI. In the validation cohort, the predictive value of the models for
AKI based on machine learning algorithms was validated by calculating seven indices: accuracy, area under the receiver
operating characteristic curve (AUC), sensitivity, specificity, positive predicted value (PPV), negative predictive value
(NPV), and F1 score. Feature importance in models based on machine learning algorithms was evaluated using the
Shapley Additive explanation (SHAP) method. Python (Amsterdam, The Netherlands) was used for statistical analyses
and graphical illustrations.

Results

Baseline Characteristics of Included ICH Patients
The incidence of AKI was 29.3% among the 1213 patients with ICH (Table 1). Compared with the non-AKI group, the
AKI group had a higher percentage of male gender (p=0.021) and a higher incidence of complicated diabetes (p=0.002),

Table | Baseline Information of ICH Patients Divided by the AKI

Overall Patients Non-AKI Group AKI Group P
(n=1213) (n=857, 70.7%) (n=356, 29.3%)
Age (year) 69.8 (57.2-80.4) 70.2 (57.8-80.8) 68.2 (56.8-79.6) 0.082
Male gender (%) 667 (55.0%) 453 (52.9%) 214 (60.1%) 0.021
Comorbidities
Hypertension (%) 799 (65.9%) 584 (68.1%) 215 (60.4%) 0.010
Diabetes (%) 263 (21.7%) 166 (19.4%) 97 (27.2%) 0.002
Hyperlipidemia (%) 209 (17.2%) 153 (17.9%) 56 (15.7%) 0.373
Coronary heart disease (%) 197 (16.2%) 135 (15.8%) 62 (17.4%) 0.475
Atrial fibrillation (%) 273 (22.5%) 179 (20.9%) 94 (26.4%) 0.036
Chronic renal disease (%) 89 (7.3%) 35 (4.1%) 54 (15.2%) <0.001
Vital signs on admission
Systolic blood pressure (mmHg) 141 (125-156) 141 (126-156) 141 (124-157) 0.864
Diastolic blood pressure (mmHg) 70 (59-82) 71 (60-82) 68 (58-83) 0.381
Heart rate (min ') 79 (69-92) 79 (69-91) 81 (70-95) 0.025
Body temperature (°C) 36.7 (36.2-37.3) 36.7 (36.2-37.2) 36.7 (36.2-37.4) 0.602
(Continued)
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Table | (Continued).

Overall Patients Non-AKI Group AKI Group P
(n=1213) (n=857, 70.7%) (n=356, 29.3%)
SpO, (%) 98.0+3.0 98.0+2.9 979+3.2 0.427
GCS Il (6-15) Il (6-15) 10 (6-15) 0.011
Laboratory tests
White blood cell (10°/L) 10.20 (7.80-13.50) 10.10 (7.70-13.30) 10.70 (8.00-13.80) 0.134
Platelet (10°/L) 230 (179-287) 232 (185-293) 225 (162-279) 0.008
Red blood cell (10°/L) 4.3+0.7 4.3+0.7 4.1:£0.8 <0.001
Hemoglobin (g/dL) 13.0 (11.7-14.3) 13.2 (12.0-14.3) 12.5 (10.8-14.1) <0.001
Red cell distribution width (%) 13.8 (13.2-14.8) 13.7 (13.1-14.5) 14.1 (13.3-15.3) <0.001
Hematocrit (%) 38.2 (34.6-41.5) 38.5 (35.341.7) 36.9 (32.4-41.0) <0.001
Glucose (mg/dL) 137 (113-173) 134 (112-170) 144 (116-183) 0.036
Serum creatinine (mg/dL) 0.9 (0.7-1.2) 0.9 (0.7-1.1) 1.0 (0.8-1.4) <0.001
Blood urea nitrogen (mg/dL) 18.0 (14.0-24.0) 17.0 (13.0-22.0) 21.0 (15.0-29.0) <0.001
Sodium (mmol/L) 139.0 (137.0-141.0) | 139.0 (137.0-141.0) | 139.0 (137.0-141.0) 0.930
Potassium (mmol/L) 4.0 3.64.4) 4.0 (3.64.3) 4.0 (3.64.5) 0.369
Chloride (mmol/L) 103 (100-106) 103 (100-106) 103 (99-106) 0.438
Vancomycin (%) 404 (33.3%) 231 (27.0%) 173 (48.6%) <0.001
Mannitol (%) 261 (21.5%) 178 (20.8%) 83 (23.3%) 0.326
Length of ICU stay (day) 3.0 (1.6-7.0) 2.6 (1.4-5.6) 5.2 (22-11.9) <0.001
Length of hospital stay (day) 8.0 (4.0-14.0) 7.0 (4.0-13.0) 11.0 (5.0-19.0) <0.001
30-day mortality (%) 368 (30.3%) 236 (27.5%) 132 (37.0%) <0.001

Abbreviations: ICH, intracerebral hemorrhage; AKI, acute kidney injury; SpO,, pulse oxygen saturation; GCS, Glasgow Coma Scale.

atrial fibrillation (p=0.036), and chronic renal disease (p<0.001), but a lower incidence of hypertension (p=0.010). The
GCS score of the AKI group was significantly lower than that of the non-AKI group (p=0.011). Regarding results of
Laboratory examination showed that red cell distribution width (p<0.001), glucose (p=0.036), serum creatinine
(p<0.001), and blood urea nitrogen (p<0.001) were significantly higher in the AKI group, whereas platelets (p=0.008),
red blood cells (p<0.001), hemoglobin (p<0.001), and hematocrit (p<0.001) were significantly lower in the AKI group.
The AKI group had higher usage incidence of vancomycin (p<0.001). Finally, the AKI group had higher 30-day
mortality (p<0.001), longer ICU stay (p<0.001), and longer hospital stay (p<0.001). The comparison between ICH
patients with or without CRD showed ICH patients with CRD had significantly higher level of serum creatinine and
higher risk of AKI (Supplementary Table 1).

Value of Machine Learning Algorithms on Predicting AKI Among ICH Patients

In the training cohort, the random forest performed better than the other machine learning algorithms in predicting AKI
(AUC=1.000) (Table 2) (Figure 2A). In the training cohort, the XGBoost (AUC=0.846) and AdaBoost (AUC=0.810)
ranked the second and the third regarding the AUC value. Furthermore, in the validation cohort, the random forest also
performed the best than other machine learning algorithms on predicting AKI (AUC=0.698) (Figure 2B) and the
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Table 2 Value of Six Machine Learning Algorithms on Predicting the AKI in the Training Cohort of ICH Patients
Classification Models | AUC (95% CI) Accuracy Sensitivity Specificity PPV NPV Fl score
XGBoost 0.846 0.788 0.727 0.814 0.608 0.881 0.661
(0.816-0.875) | (0.776-0.800) | (0.692-0.762) | (0.795-0.832) | (0.584-0.632) | (0.870-0.891) | (0.638-0.684)
Logistic 0.698 0.622 0.706 0.590 0.414 0.827 0.521
(0.659-0.737) | (0.608-0.637) | (0.681-0.730) | (0.559-0.620) | (0.400-0.428) | (0.815-0.839) | (0.510-0.532)
Light GBM 0.535 0.731 0.191 0.963 0.652 0.734 0.293
(0.500-0.570) | (0.707-0.754) | (0.144-0.239) | (0.948-0.978) | (0.580-0.724) | (0.712-0.757) | (0.234-0.351)
Random forest 1.000 0.999 1.000 1.000 1.000 0.998 1.000
(0.998-0.999) | (1.000-1.000) | (1.000-1.000) | (1.000-1.000) | (0.997-0.999) | (1.000-1.000)
AdaBoost 0.810 0.737 0.718 0.747 0.545 0.866 0.615
(0.778-0.841) | (0.705-0.770) | (0.662-0.774) | (0.678-0.816) | (0.496-0.594) | (0.854-0.877) | (0.605-0.626)
SVM 0.428 0.676 0.120 0.912 0.509 0.710 0.156
(0.383-0.472) | (0.649-0.703) | (0.023-0.217) | (0.832-0.992) | (0.260-0.757) | (0.704-0.716) | (0.049-0.264)

Abbreviations: ICH, intracerebral hemorrhage; AKI, acute kidney injury; AUC, area under curve; PPV, positive predicted value; NPV, negative predictive value; XGBoost,
extreme gradient boosting; Light GBM, light gradient boosting machine; AdaBoost, adaptive boosting; SVM, support vector machine.

XGBoost (AUC=0.663) and AdaBoost (AUC=0.644) still ranked the second and the third regarding the AUC value
(Table 3). Regarding the feature importance evaluated using the SHAP method, platelets, serum creatinine, vancomycin,
hemoglobin, and hematocrit ranked first among the random forest algorithm-based models (Figure 3A and B).

Discussion

The incidence of AKI in patients with ICH was 29.3%, which was consistent with a previously reported incidence
ranging from 14.9% to 42.3%.%° The difference in AKI incidence among ICH patients may be attributable to differences
in comorbidities, hemorrhage volume, medical interventions, and medical level. Our analysis indicated that the random
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Figure 2 (A) Receiver operating characteristics curve of six machine learning algorithms for predicting AKI in the training cohort of ICH; (B). Receiver operating
characteristics curve of six machine learning algorithms for predicting AKI in the validation cohort ICH.

Abbreviations: ROC, receiver operating characteristics curve; AKI, acute kidney injury; ICH, intracerebral hemorrhage.
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Table 3 Value of Six Machine Learning Algorithms on Predicting the AKI in the Validation Cohort of ICH Patients
Classification Models AUC Accuracy Sensitivity Specificity PPV NPV Fl score
(95% CI)
XGBoost 0.663 0.645 0.510 0.755 0.445 0.756 0.468
(0.601-0.725) | (0.626-0.664) | (0.358-0.661) | (0.597-0.912) | (0.406-0.485) | (0.734-0.778) | (0.382-0.555)
Logistic 0.629 0.576 0.588 0.637 0.375 0.778 0.455
(0.565-0.693) | (0.556-0.596) | (0.511-0.664) | (0.570-0.703) | (0.329-0.422) | (0.749-0.807) | (0.413-0.497)
Light GBM 0.532 0.699 0.180 0.959 0.604 0.706 0.273
(0.480-0.583) | (0.676-0.722) | (0.170-0.190) | (0.938-0.980) | (0.466-0.741) | (0.674-0.737) | (0.260-0.287)
Random forest 0.698 0.737 0.612 0.699 0.771 0.736 0.678
(0.638-0.759) | (0.707-0.767) | (0.554-0.669) | (0.642-0.756) | (0.690-0.852) | (0.706-0.766) | (0.640-0.715)
AdaBoost 0.644 0.624 0.524 0.723 0.408 0.764 0.448
(0.580-0.708) | (0.591-0.657) | (0.330-0.718) | (0.538-0.908) | (0.375-0.442) | (0.748-0.779) | (0.358-0.537)
SVM 0.440 0.663 0.192 0.833 0.262 0.712 0.113
(0.373-0507) | (0.615-0.710) | (0.004-0.380) | (0.640-1.026) | (0.124-0.400) | (0.701-0.722) | (0.021-0.205)

Abbreviations: ICH, intracerebral hemorrhage; AKI, acute kidney injury; AUC, area under curve; PPV, positive predicted value; NPV, negative predictive value; XGBoost,

extreme gradient boosting; Light GBM, light gradient boosting machine; AdaBoost, adaptive boosting; SVM, support vector machine.

forest algorithm-based model performed best in predicting AKI in patients with ICH. Due to the high incidence and

adverse outcomes of AKI among ICH patients, evaluating the risk of AKI as early as possible after admission may

inform clinicians to avoid unnecessary nephrotoxic interventions and, therefore, improve the prognosis of ICH.

Considering the feature importance in our developed random forest algorithm-based model, the top five features were
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platelets, serum creatinine, vancomycin, hemoglobin, and hematocrit. Platelet, hemoglobin, and hematocrit levels showed
negative effects on AKI, whereas serum creatinine and vancomycin levels showed positive effects on AKI.

Some studies have found the nadir value of platelet during hospitalizations was positively associated with the risk of
AKI.* Platelets have attracted much attention because of their important role in ischemia and inflammatory injury of the
end organs by stimulating endothelial responses and recruiting neutrophils.'®'? Aggregated platelets accompanied by
activated leukocytes and fibrin promote microthrombus formation in renal microvessels.'> Consequently, platelet
aggregation and microthrombi may obstruct renal vessels and glomeruli, causing renal ischemia and injury.

As a major component of red blood cells, hemoglobin is responsible for the transportation of oxygen from the lungs
to tissues and organs. Previous studies have found that decreasing hemoglobin levels are associated with the development
of AKI in various patients, including neonates and those undergoing cardiac surgery or percutaneous coronary
intervention.'*'® Decreased hemoglobin levels in patients with ICH may be caused by intracranial bleeding, malnutri-
tion, and pathophysiological consumption. Consequently, inadequate hemoglobin cannot provide sufficient oxygen to the
renal tissue, leading to subsequent renal injury. Reflecting the ratio of red blood cells to plasma, hematocrit is the main
factor affecting blood viscosity and is influenced by the volume of red blood cells and plasma. Decreased hematocrit can
be caused by multiple factors, including bleeding, shock, burns, electrolyte disorders, liver cirrhosis, and malnutrition.
The negative association between Hct and AKI after ICH may also reflect the harmful effect of insufficient oxygen
release to the renal tissue caused by low levels of red blood cells.

Drug-induced nephrotoxicity plays a crucial role in the development of AKI. The vancomycin was widely used
among included ICH patients with the incidence of 33.3%. The AKI group had higher incidence of vancomycin use than
the non-AKI group (48.6% vs 27.0%). As a broad-spectrum antibiotic widely used to treat infections, particularly
methicillin-resistant Staphylococcus aureus, vancomycin has raised concerns regarding its potential renal toxicity.'”'®
The relationship between vancomycin use and AKI has been confirmed, particularly in patients receiving a higher dose or
prolonged duration of vancomycin use.'’

The comparison between ICH patients with or without chronic renal disease showed ICH patients with chronic renal
disease had higher level of serum creatinine and risk of AKI than those without, which indicated that the importance of
initial serum creatinine level on the risk of AKI might partially be mediated by the history of chronic renal disease. The
previous chronic renal disease may predispose ICH patients to impaired renal function reflected by higher initial serum
creatinine level. Certainly, the higher initial serum creatinine level may not only be attributable to the history of chronic
renal disease but also other acute pathophysiological changes after ICH. Overall, the mechanism behind the AKI after
ICH may be multiple including both intrinsic pathophysiological changes of extracranial systems after ICH, iatrogenic
interventions, and previous history of impaired renal function. The platelet aggregation and microthrombus, insufficient
oxygen release reflected by the low level of hemoglobin and hematocrit may reflect the intrinsic pathophysiological
changes of extracranial systems after ICH and therefore cause the development of AKI. Monitoring these hematological
indices and evaluating the risk of AKI using the random forest algorithm-based model could help clinicians to reduce the
risk of AKI in ICH patients and therefore improve the prognosis of ICH. Meanwhile, the effect of rectifying these
hematological indices on AKI development and prognosis of ICH should be further verified.

Our study had several limitations. First, this study was conducted using retrospective data from the MIMIC III
database derived from a single medical center. Selection bias is inevitable. Therefore, the generalizability of our
developed model should be externally verified in other medical centers. Second, some variables were not included in
this study, including hematoma volume and hemorrhage location, owing to the limited medical records of MIMIC III.
Future studies can improve the performance of our model by incorporating other important features. Third, although the
SHAP method has been used to visually illustrate the relative importance of features, a web- or portable electronic
equipment-based user-friendly program integrating our developed predictive model should be designed and produced to
improve the chances of early detection of the risk of AKI in ICH patients.

Conclusion
The random forest algorithm-based predictive model we developed performs well in predicting AKI in patients with ICH.
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Some important predictive features of AKI in ICH have been identified, including platelet count and serum creatinine,
vancomycin, hemoglobin, and hematocrit levels. The predictive model incorporating these features is helpful for early
detection of the risk of AKI in ICH patients. Future studies could be performed to improve the performance of our
developed model by incorporating other important ICH related features.
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